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ABSTRACT 
 
 The thesis explored the feasibility of using remotely sensed image and its derived 
products, Normalized Difference Vegetation Index (NDVI), to assess and quantify corn and 
soybean yield potential. Fixed-effect panel and ordinary least squares NDVI regression 
models were developed for different level of spatial aggregation. Through the regression 
analysis, the thesis identified the relationship between the accumulation of crops’ “greenness” 
over the growing season and the final crops yield. The ultimate goal of the thesis is to 
examine whether the NDVI model can produce accurate and timely yield forecasts. Due to 
the unique features of the spatial data (e.g. global coverage, frequent repeat cycle and etc.), 
the model can provide significant value to developing countries where the meteorological 
network is scarce and official crop production estimates are either inaccurate or nonexistent. 
Therefore, to evaluate the NDIV model’s predictive power, the model’s out-of-sample 
forecasts were compared to the predictions of a weather-based regression model (modified 
Thompson model) as well as August, September, and October USDA estimates.      
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1. INTRODUCTION 
1.1 Background 
Monitoring crop condition and crop yield and production forecasting are important for 
agriculture and economic departments at state, national and even international levels. 
Accurate and timely information on crop supply and quality is crucial for policy-makers, 
farmers, hedgers, and investors.  
It is widely recognized that summer precipitation and temperature directly influence crop 
production. Corn yield has had a major yield boost since the mid-1990s, which a lot of people 
attributed to improvements in seed genetics, one empirical study using temperature and 
rainfall data has shown that the seemingly high yield is in fact partly explained by the benign 
weather in the region (Tannura et al., 2008). Other factors such as planting date, insects, 
disease, fertilizer use, soil quality, and farm management strategies also play a part in 
influencing crop yields. 
Traditional crop yield assessment approach includes models that directly assimilate the 
effect of weather, soil, sunlight, and other environmental variables on plant development, 
photosynthesis and evapotranspiration (Wiegand & Richard, 1990). These models have 
strong foundations in physiological concepts; however, they have complex designs and serve 
as poor yield predictors at large spatial scales when spatial variability in soil quality and 
management practices are in presence (Wiegand, 1984, Wiegand & Richard, 1990; Walker, 
1989).    
When crop yield forecasting is the primary objective, regression models using weather 
and crop condition ratings data have been extensively used (Thompson, 1962, 1970, 1988; 
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Schlenker & Roberts, 2006; Lynch et al., 2007; Tannura, et al, 2008; Irwin & Good, 2010). 
The weather model is simple to specify, operational at a regional level, and capable of 
capturing both technological and weather aspects of yield variation over time (Walker, 1989; 
Tannura et al., 2008). The most influential work in this field is conducted by Thompson (e.g., 
1962, 1970, 1988), who developed multiple regression models that measured the relationship 
between technology, monthly rainfall, monthly temperatures and U.S. corn and soybean 
yields. He found that corn yields were highly dependent on ample rainfall in July and cooler 
temperature in August, and that abundant rainfall in July and August lifted soybean yields.   
USDA crop condition ratings provide an alternative model in estimating U.S. average 
crop yields. Each week during the growing season, the USD A reports the percentage of the 
crop rated in excellent, good, fair, poor, and very poor conditions. Previously, Irwin and 
Good (2010) have found a highly significant relationship between crop conditions ratings 
(percent of the crop rated as good or excellent) and corn yield at the national level.          
Although weather and crop ratings regression models have proved quite a success in 
forecasting crop yields (Dixon et al., 1994; Teigen & Thomas, 1995; Tannura et al., 2008), 
they have limitations. First of all, taking a monthly temperature or rainfall average may not 
fully reflect the actual scenario of weather conditions. For instance, an average rainfall 
number fails to suggest whether precipitation is evenly distributed throughout the month or 
largely takes place in a particular week. The first scenario will presumably lead to better crop 
yield than the latter. Moreover, when weather data is aggregated over large spatial areas (for 
instance at the state level), it fails to accurately characterize the local weather conditions. The 
last limitation, which motivated the thesis, is that weather data are often acquired from a very 
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sparse meteorological network in many countries and regions outside the U.S. (Unganai & 
Kogan, 1998) and that not many countries’ Agricultural Departments issue crop condition 
ratings. Therefore, incomplete geographical coverage presents an obstacle for a wider use of 
weather-based regression models. 
There has been large amount of interests devoted to the research and application of 
remotely sensed data. Data from remote sensing platforms (i.e. satellites) can be used as a 
surrogate or to complement weather data in drought detection, vegetation monitoring and 
yield assessment (Benedetti & Rossini, 1993; Quarmby et al., 1993; Hayes & Decker, 1996). 
Satellite systems provide spatially and temporally continuous data with global coverage and 
decent resolution. Timely acquisition of such data is available and mostly inexpensive 
through several online portals and archives (e.g. National Oceanic and Atmospheric 
Administration, National Aeronautics and Space Administration, and U.S. Geological 
Survey).                   
 A very useful and widely proclaimed sensor over the past few decades has been the 
Advanced Very High Resolution Radiometer (AVHRR) on board the National Oceanic and 
Atmospheric Administration (NOAA) polar-orbiting meteorological satellites. 
NOAA/AVHRR data exhibit features considered valuable for operational crop condition and 
yield assessments, such as high temporal and world-wide coverage, low cost and real-time 
availability (Van Dijk et al.,1987). 
 The AVHRR sensor has spectral channels in the visible (0.58–0.68mm) and near-infrared 
(0.725–1.00mm) of the electromagnetic spectrum. Vegetation indices can be derived from 
these channels and are good indicators for state of vegetation (Tucker, 1979). The Normalized 
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Difference Vegetation Index (NDVI), initially proposed by Rouse et al. (1973), is closely 
correlated with green biomass and leaf area, and thus is one of the most widely used indices 
for agriculture monitoring. Earlier studies have identified that plant development, stress, and 
yield potentials are expressed in the spectral reflectance from crop canopies and that crops’ 
growing condition can thus be quantified using NDVI (Tucker, 1979; Jackson et al., 1986; 
Weigand & Richardson, 1990).  
The NDVI, in the range of -1 to 1, is derived from red and near-infrared bands of 
remotely sensed images—(𝑁𝐼𝑅 − 𝑅𝐸𝐷)/(𝑁𝐼𝑅 + 𝑅𝐸𝐷). The notion behind NDVI is that 
plants’ chlorophyll absorbs sunlight, which is captured by the red light region of the 
electromagnetic spectrum, whereas a plant’s spongy mesophyll leaf structure creates 
considerable reflectance in the near-infrared region of the spectrum (Tucker, 1979; Jackson et 
al., 1983). For this reason, greener and dense vegetation has low red-light reflectance and 
high near-infrared reflectance, and thus high NDVI values. On the other hand, near zero and 
negative values of the index indicate non-vegetated surface features such as rock, soil, water, 
ice and clouds (USGS, 2010).  
In short, the index is sensitive to changes in plant biomass, vigor, and leaf size, which 
varies for forest structural and crop types (Jensen, 2000; Pedroni, 2003). Therefore, monthly 
NDVI values of crops as well as the changes during the growing season indirectly measure 
crops’ health and growing condition. As growing season progresses in the summer, corn and 
soybean crops become greener and bigger in size, and that translates to increasing average 
monthly NDVI from May to August. As a result, the mechanism of the index works 
differently from crop condition ratings. While the average NDVI for crops are always greater 
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near the end of the growing season and the increases of monthly NDVI vary depending on 
how healthy and dense crops are developing, crop condition ratings could plunge in a poor 
harvest year.  
 
1.2 Literature Review 
Several studies in different parts of the world have examined the relationship between the 
AVHRR/NDVI, and soybean (Liu & Kogan 2002; Esquerdo et al., 2011), wheat (Benedetti & 
Rossini, 1993; Labus et al., 2002), cotton (Dalezios et al., 2001), and corn (Hayes & Decker, 
1996; Unganai & Kogan, 1998; Prasad et al., 2006) yields. 
Benedetti and Rossini (1993) were one of the first people who applied, NDVI derived 
from remotely sensed images (1.1 × 1.1 𝑘𝑚  resolution), to grain yield assessment and 
forecasting. They did a case study in Emilia Romagna in Italy with a simple linear regression 
model from 1986 to 1989. The integrated NDVI (using trapezoidal summation method) over 
the critical development stage of wheat was used as the independent variable (𝑅2 = 51.5%). 
The predicted wheat yields had greater than 10% but less than 19% deviation from the 
official wheat data. Labus and his team (2002) examined AVHRR/NDVI (16 ×
16 𝑘𝑚 resolution) during wheat’s growing season and estimated wheat yield at regional and 
farm scales in Montana from 1989 to 1997. The study found strong relationship between 
wheat yield and integrated NDVI both throughout the whole growing season (𝑅2 = 75.3%) 
and at the grain-filing stage, particularly in late August (𝑅2 = 69.7%). Importantly, both 
studies indicated that early season NDVI values alone were not consistent estimators for 
wheat yields. This is an important finding because it suggests that a large biomass 
6 
 
accumulation early in the season (presumably because of early planting) is not a determinant 
of final grain yield. In fact, Benedetti and Rossini (1993) argued that early vegetation 
development prior to grain filling stage contributes only to plant structure but not the grain 
production. Many other factors later in the season such as temperature, precipitation, heat 
wave, disease, drought, and flood could all impact grain yields to a greater extent.  
In recent years, the use of AVHRR/NDVI has been applied in Brazil, where there is a 
need for more efficient and inexpensive data for crop monitoring and yield forecasts (Liu & 
Kogan, 2002; Esquerdo et al., 2011). Liu and Kogan (2002) found 𝑅2 ranging from 0.22 to 
0.62 in the soybean monitoring of several states in Brazil from 1985 to 1996 using Vegetation 
Condition Index, derived from AVHRR/NDVI (16 × 16 𝑘𝑚 resolution). Then they used the 
period of 1996 to 1998 to evaluate the model’s performance in terms of out-of-sample 
forecasting and found root mean square percentage error to be less than 10%. Esquerdo et al. 
(2011) did a similar study but with better (1.1 × 1.1 𝑘𝑚 ) resolution images in a large 
soybean production region in Brazil in the 2002/2003 and 2003/2004 cropping seasons. Their 
results provided evidence that the integrated NDVI and summation over the growing season 
are most correlated with soybean yield. The authors also suggest that the two NDVI variables 
can potentially be incorporated by weather-based yield forecast models to produce better 
results. One limitation they found with the use of the index is called the saturation effect. 
When extremely favorable climatic conditions (2002/2003 cropping season) occur, which 
leads to the threshold of biomass production, NDVI becomes less sensitive to biomass 
variation.       
Few studies to date (Prasad et al., 2006; Balaghi et al., 2008) have combined NDVI 
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variables with surface temperature, precipitation, and soil moisture in estimating crop yields. 
Prasad et al. (2006) examined crop and soybean yields for the state of Iowa from 1982 to 
2001—a 19-year span. An average of AVHRR/NDVI (8 × 8 𝑘𝑚 resolution) throughout the 
growing season was used as the input to the model, which produced 𝑅2 = 0.78 for corn and 
𝑅2 = 0.86 for soybean. However the results should be treated with caution in that the signs 
for rainfall coefficients were negative for both corn and soybean, meaning more rainfall 
would reduce crop yields. This is contradictory to common knowledge. A parallel study was 
carried out in Morocco to forecast wheat yields at state and national levels from 1990 to 2004 
(Balaghi et al., 2008). The model, with independent variables including summed NDVI over 
growing season, temperature, and rainfall, explained much of the wheat yield variation 
(𝑅2 = 0.97) at the national level. For the state-level results (n=23), NDVI is the more 
important explanatory variable compared to temperature and rainfall. One additional 
contribution of the study is that summed NDVI was regressed against the weather data. It 
turns out that while both weather variables have positive coefficients, NDVI variability is 
mostly explained by rainfall.          
Although AVHRR has become a widely-used data source in the applications of drought 
detection, vegetation monitoring, and crop yield assessment, it has several limitations and 
presents challenges for long-term operational prediction of crop yields. First of all, the 
relatively coarse resolution renders it ineffective for such studies at a farm-scale (Benedetti & 
Rossini, 1993; Quarmby et al., 1993; Labus et al., 2002). If the land cover type surrounding 
the farms is diverse or if the neighboring fields are idled, the pixel of AVHRR data is likely 
contaminated. To overcome this problem requires the study sites and regions to have large 
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homogeneous ground areas cultivated with the same type of crop. 
In addition, freely accessible AVHRR image at NOAA website only provides 1.1 ×
1.1 𝑘𝑚 resolution for the U.S. Images for other parts of the world has a much more coarse 
resolution at 16 × 16 𝑘𝑚. Using images at 16 × 16 𝑘𝑚 resolution for crop yield assessment 
and forecast has to be treated with caution as spectral variation could be smoothed out, 
thereby causing loss of valuable information. For this reason, several studies that were carried 
out outside the U.S. acquired AVHRR images at 1.1 × 1.1 𝑘𝑚 resolution through other 
sources (Benedetti & Rossini, 1993; Quarmby et al., 1993; Balaghi et al., 2008; Esquerdo et 
al., 2011).  
Another resolution-induced limitation of AVHRR data is that it is inadequate in 
identifying different crop profiles. Therefore, it requires the assistance of higher resolution 
satellite images as training data to determine a specific crop type, which was utilized in 
several previous studies (Benedetti & Rossini, 1993; Quarmby et al., 1993; Esquerdo et al., 
2011). Satellite training data relies on the knowledge of ground level information. However, 
filed surveying could be time-consuming and its continuity is unknown. Consequently, 
AVHRR/NDVI related studies that adopted satellite image training and analyzed vegetation 
classification had no more than 4 years observations under consideration. On the other hand, 
studies carried out at the regional and state level simply aggregated the NDVI value for the 
total areas covered, and thus were able to use NDVI data at longer time-series (Hayes & 
Decker, 1996; Unganai & Kogan, 1998; Liu & Kogan, 2002; Labus et al., 2002; Prasad et al., 
2006). More recently, Balaghi et al. (2008) differentiated agricultural lands from 
non-agricultural lands based on the map Global Land Cover 2000 for Africa. Balaghi and his 
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colleagues took one step forward by selecting only the NDVI pixels that represent crops into 
the regression but made the assumption that no land use change related to agricultural lands 
occurred in the 14-year time span.  
Lastly, raw AVHRR images directly acquired from NOAA website need to be processed 
before conducting any quantitative analyses due to factors such as cloud cover, off-nadir 
views, sensor degradation, and calibration error (Goward et al., 1991). Sophisticated and 
time-consuming radiometric calibration and geometric correction have to be applied to the 
raw images (Chen et al., 2003; Prasad et al., 2006; Esquerdo, et al., 2011), which partly 
explains why earlier studies had limited temporal length.  
Motivated by the fact that meteorological network is sparse in certain parts of the world 
and that weather data is not timely available if not entirely, my thesis attempts to use NDVI 
derived from remotely sensed images (AVHRR) as a surrogate to weather data in estimating 
corn and soybean yields for the state of Illinois. AVHRR/NDVI data has its advantages over 
weather data because it provides continuous spatial and temporal coverage across the globe, 
which makes it a feasible tool for operational crop forecasting. Although AVHRR/NDVI has 
been extensively studied, very few have used it to estimate crop yield from 2000s onward 
(Balaghi et al., 2008; Esquerdo et al., 2011). In addition, three studies by far have more than 
10 years of data built in for the regression model (Prasad et al., 2006; Balaghi et al., 2008; 
Esquerdo et al., 2011), while only one of them considered selecting pixels that are actually 
representative of agricultural lands (Balgaghi et al., 2008). What’s more, one study 
investigated the model’s out-of-sample forecasting performance, which had only three years’ 
forecast sample (Liu & Kogan, 2002). Lastly, previous studies either used summed NDVI 
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values or the average across the growing season as the input for their regression models. 
None has examined the relationship between the change of NDVI from early season to the 
end of grain-filling stage and crop yield.    
 
1.3 Research Question and Methodology  
The thesis intends to build onto the existing literature and fill in some of the blanks. First 
of all, pre-processed AVHRR/NDVI 14-day composite images by U.S. Geological Survey 
(USGS) saved a lot of effort from conducting lengthy radiometric calibration and geometric 
correction (USGS, 2010). USGS archive presents 24 years of ready-to-use data (1989 to 
2012). Second, the change of NDVI values from early season to the end of growing season 
was considered as one of the independent variable for the regression model. Third, a mask for 
agricultural lands was created for AVHRR images in each year based on an NDVI-Range 
approach proposed by this study. The straightforward and easy-to-implement method ensures 
only pixels representing croplands were incorporated in the model and also takes into account 
the fact that crops’ planted acres vary on an annual basis. Additionally, error matrix analysis 
was carried out to assess the accuracy of NDV-Range in filtering out agricultural lands.  
Essentially, this study aims to answer three questions: 1) Is the change of NDVI variable 
from early season to the end of grain-filling stage a statistically significant estimator? 2) To 
what extent does NDVI model explain the variation in corn and soybean yields and does it 
produce better explanatory power than weather-based regression models? 3) How does yield 
forecasts from the NDVI model compare to other forecasts, for example weather and crop 
condition ratings regression models and U.S. Department of Agriculture (USDA) estimates?         
Panel regression models were developed for the state of Illinois. Illinois is a major corn 
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and soybean producer in the U.S. Corn Belt. Therefore, large area of the land is homogeneous 
cultivated with corn, soybean, or wheat, which is a pre-condition for operational crop yield 
forecasts using AVHRR/NDVI at regional scales. The panel model considers each 102 county 
in Illinois over 24 years’ time span, which drastically increases the degree of freedom for 
estimation. More importantly, it is an advantage when comparing to weather-based model 
whose inputs are aggregated at the state level, because it accounts for variation of input 
variables at the county level. Then, coefficients of the estimated models were analyzed to 
examine the explanatory power of NDVI variables.  
An out-of-sample forecasting competition was conducted by comparing the NDVI model 
to the Modified Thompson model developed by Tannura et al. using temperature and rainfall 
variables (2008) and crop condition ratings model. The models’ estimates were then 
compared to benchmarks represented by USDA forecasts released in August, September, and 
October each year. The performance of the forecasts was assessed using root mean squared 
error (RMSE), root mean square percentage error (RMSPE), mean absolute error (MAE), and 
mean absolute percentage error (MAPE). If conclusion can be made that NDVI model 
performs no worse than the competing regression models or even the USDA estimates, then it 
is safe to say that, with a few minor modifications, the NDVI model can be replicated in other 
parts of the world, especially where weather data and official crop reports are lacking, and 
produce reliable and timely crop yield forecasts.     
 
1.4 Roadmap  
 The thesis continues with a background on remote sensing in Chapter 2. In addition to 
that, summary statistics of the data used in the study will be discussed. Spatial data date back 
12 
 
to 1989, while weather and crop yield data are available from 1960. Chapter 3 illustrates the 
econometrics models including NDVI county-level panel, NDVI state-level OLS, the 
modified Thompson model, and the crop condition ratings model. Estimation results of these 
models will be reviewed in Chapter 4. Chapter 5 evaluates the predicative power of these 
models and compares them to USDA Crop Report estimates. Finally, a summary of findings 
and future research implications will conclude the thesis.  
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2. DATA 
2.1 Introduction  
A regression model was developed in this study to examine the correlation between 
NDVI and crop yields for Illinois. Two different types of data were required—corn/soybean 
yields and NDVI values derived from remotely sensed images (AVHRR). This section 
explains the acquisition and processing of spatial data, especially the classification of 
croplands on an annual basis. Descriptive analyses of NDVI variables, weather data, and crop 
yields are briefly discussed. In addition, this section investigates whether there is a 
correlation between NDVI variable and crop condition ratings.   
 
2.2 AVHRR/NDVI 
 One of the sources of global NDVI dataset is National Oceanic and Atmospheric 
Administration (NOAA)’s Advanced Very High Resolution Radiometer (AVHRR). The 
AVHRR is a radiation-detection imager that can be applied in various application of remote 
sensing. AVHRR has a daily repeat cycle and a 1.1-km resolution, meaning an AVHRR image 
pixel represents 1.1 square km of land surface. NDVI, a derived product of AVHRR images, 
depicts vegetation changes on a seasonal base. US Geological Survey 
(USGS)—EarthExplorer (http://earthexplorer.usgs.gov/) provide 14-day NDVI composites 
(constructed from daily observations) dating back to 1989, although AVHRR data collection 
started in 1981. The downloaded images are ready for use in quantitative analyses (USGS 
applied radiometric and geometric processing in 2001 to the whole archive of the 14-day 
NDVI composites).   
 Although traditionally NDVI values range between -1 and 1, AVHRR/NDVI retrieved 
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from USGS EarthExplorer were presented in the range of 0 and 200. The transformation was 
applied using the following formula: 
 [
𝑋
100
− 1] = [−1, 1] 
Each grid’s value represents the maximum value of the 14-day period. In other words, the 
greenest pixel value over the period is selected for the composite. Choosing the greenest pixel 
can compensate for undesirable atmospheric and satellite view angle conditions (USGS, 
2010). Then, two consecutive images were used to compute the average of a specific month. 
Corn and soybean growing season in the Midwest is generally from May to September. 
Therefore, NDVI images in these months from 1989 to 2012 were downloaded for the entire 
conterminous U.S. To date, 24 years of data is the longest temporal length in the application 
of AVHRR/NDVI for crop yield assessment and forecasting.  
A total number of 240 NDVI images were acquired from the USGS EarthExplorer. The 
data cleanup process and subsequent spatial analyses were conducted in ArcGIS 10.1. As the 
area of study falls only in the state of Illinois, the images (raster files) were first masked out 
based on a shapefile that specifies the location and boundary of the state of Illinois. Then, 
“raster calculator” in ArcGIS was run to compute the 28-day NDVI average for each month.  
 
2.3 Background of Cropland Classification 
Since NDVI in this study is used to estimate production yields of corn and soybean, 
hence knowing where these crops are each year is desirable. Cropland data layer (CDL) 
developed and published from National Agricultural Statistics Service (NASS) specifies the 
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geospatial location of crops in the conterminous U.S
1
. CDL is crop-specific spatial data, 
given a resolution of either 30 m or 56 m, and is developed from a robust collection of 
satellite imagery, including Advanced Wide Field Sensor (AWiFS), Landsat imagery and 
Moderate Resolution Imaging Spectroradiometer (MODIS) sensors (NASS, 2010). However, 
CDL only dates back to 1997, which does not cover the entire time interval of the current 
study. Consequently, one of the study’s tasks became to estimate the location and size of all 
the farms in Illinois.  
Land cover type classification especially associated with agricultural land has been at 
the forefront of remote sensing researches. The value of high temporal time-series 
AVHRR/NDVI data for land cover classification at national (Loveland et al., 1995) and 
global scales (DeFries et al., 1998; Hansen et al., 2000; Loveland et al., 2000) has been 
validated. Highly correlated with green biomass, NDVI data allows land cover type 
classification possible based on the seasonal changes in the land cover types’ characteristics 
(Jensen, 2000; Pedroni, 2003). Additionally, the spectral information embedded in NDVI 
makes it a valuable data in examining vegetation condition (Reed et al., 1996) as well as 
major phonological events (Zhang et al., 2003).  
Unfortunately, AVHRR images’ coarse resolution does not allow identifying and 
mapping crop fields accurately (Turner et al., 1995; Esquerdo et al., 2011). Most land use 
classification derived from 1.1 × 1.1 𝑘𝑚 AVHRR data is used to represent broad scale 
natural vegetation classes; cropland is typically categorized as a general crop class (Wardlow 
et al., 2007; Gross, 2005). In previous studies of crop-type specific classification, the most 
                                                             
1 The states under the coverage of CDL has increased dramatically since 2008. Before that, data was 
available only to the states in the Corn Belt.  
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intensively used remotely sensed data are Landsat imagery and MODIS, both of which can be 
accessed on USGS EarthExplorer.  
Landsat data have been used to monitor water quality, glacier recession, invasive species, 
vegetation classification and land use change (NASA, 2013). Landsat TM/
 
ETM
+ 
data are 
appropriate for detailed crop mapping given the instruments’ multiple spectral bands and 30 
m resolution (Wardlow et al., 2007).
 
Landsat sensors record blue, green and red light in the 
visible spectrum as well as near-infrared, mid-infrared and thermal-infrared light. Landsat 
records the information digitally and downlinked to ground stations, processed and stored in 
an archive, which is freely accessible to the public. Early remote sensing studies dating back 
to the 80s used mainly images from Landsat 4 and 5, equipped with Multispectral Scanner 
System (MSS) and the Thematic Mapper (TM) instruments. However, Landsat 4 was 
decommissioned in 2001. Similarly, Landsat 5 sensor recorded its last image collection on 
January 6, 2013 and is reported to retire in early 2013 (NASA, 2013).   
Today, the only operational Landsat sensor is the Enhanced Thematic Mapper Plus 
(ETM
+
) on Landsat 7. Landsat 7, launched successfully on April 15, 1999, is the most 
accurately calibrated Earth-observing satellite; it is consistent with the TM system and 
includes additional features that make it a more efficient data source for land cover 
monitoring and large area mapping (NASS, 2013). ETM
+
 is an eight-band, multispectral 
scanning radiometer that provides 30m spatial resolution. Landsat 7 catalogued the world’s 
surface area into 57,784 scenes and about 25 percent of land is imaged the earth every 16 
days
2
. The disadvantage of Landsat data is that it is limited to local scales and infrequent 
                                                             
2 The image surveying uses a planning scenario that prioritize seasonal changes in seasonal changes 
in vegetation and uses cloud predictions from NOAA to avoid capturing cloudy areas (NASA, 2013).  
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scene updates; therefore, repetitive, broad-scale mapping is constrained due to the 
considerable time associated with the acquisition and processing of data (Price et al., 1997; 
Mosiman, 2003; Wardlow et al., 2007).   
Esquerdo et al., (2011) applied maximum-likelihood supervised classification on 
Landsat ETM
+
 to define areas that are soybean fields in the western region of the State of 
Parana (the second most important soybean producer in Brazil). This is the most standard 
approach to land cover type classification. All of the land use classification studies require 
that there is an underlying reference data (i.e. ground truth), based on which the sample 
training for each land use type is conducted. Consequently, such method requires decent 
amount of surveying—either field visits or aero photographs; 800 samples were collected 
each year in the region for Esquerdo’s study.  
MODIS data is acquired by NASA’s Earth Observing System (EOS) Terra and Aqua 
satellites. With a more frequent repeat cycle (1-2 days) than Landsat and higher spatial 
resolutions (250 m, 500 m and 1000 m) than AVHRR, MODIS is well suited for vegetation 
studies (Jenkerson et al., 2010). MODIS dataset, dating back to 2000, includes visible red and 
near infrared surface reflectance, NDVI and enhanced vegetation index (EVI) composited at 
a 16-day interval (Wardlow et al., 2007). In a specific crop type classification study in the 
state of Kansas, Wardlow, Egbert and Kastens (2007) found that MODIS 250 m NDVI and 
EVI data have sufficient spectral, temporal and radiometric resolutions to discriminate major 
crop types. In particular, a unique multi-temporal NDVI/EVI profile was detected for each 
crop in relation to its phenology. Instead of field sampling, Wardlow, Egbert and Kastens 
acquired aero-photos for 2179 individual fields, distributed across 48 counties of Kansas, 
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from USDA Farm Service Agency in 2001. Then, they used the Jeffries-Matusita (JM) 
distance statistic in creating different crop profiles (Richards and Jia, 1999).  
Using spectral data alone has proven to be inadequate in differentiating vegetation of 
similar spectral values (Helmer et al., 2002; Castro et al, 2003). Recent development and 
adoption of advanced modeling techniques and software packages allow the integration of 
spectral variables and geospatial variables (i.e. species composition, structure, slope, 
elevation, etc) in the classification process, which significantly enhanced classification 
accuracy (Sesnie et al., 2008). Howard, Wylie and Tieszem (2012) developed a regression 
decision tree classification model to determine annual spatial distributions and area totals of 
corn, soybean, wheat and other crops across the Greater Platte River Basin in the U.S. from 
2000 to 2009. The model regressed 2.5 million training data points derived from NASS 
Cropland Data Layer (CDL) on input variables such as weekly MODIS/NDVI images (250m 
resolution), temperature, precipitation, irrigation, elevation and etc. Each input variable was 
spatially and temporally referenced to the training point crop type, and the crop classification 
model consisted of thousands of rules specifically designed to utilize the various input 
variables.  
The various crop classification methods mentioned above using Landsat and MODIS 
data require either large amount of field sampling or advanced modeling, bring in the file 
format incompatibility issue, and is constrained by the availability of ground truth data. 
Based on the brief background of AVHRR, Landsat and MODIS, some may argue that it is 
more accurate and effective to use NDVI from MODIS for this study because of its high 
temporal and spatial resolution. However, MODIS datasets are only available from 2000 on, 
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which would cost us about 10 years of observations in the regression model compared to 
AVHRR. Another reason why AVHRR serves our purpose is that the current study only 
attempts to identify areas that are farms in general rather than determine specific crop types.  
 
2.4 NDVI-Range Approach 
To extract NDVI values for the regressions, it is important to identify crop areas on an 
annual basis. However, traditional land use classification is normally done on a decade basis 
as it involves sample training, which is highly dependant on the availability of reference data. 
Researchers can conduct a random sampling—document a crop type in the field and record 
its coordinates with a GPS—to create the reference data for the current time. But, if such 
surveying was not done before in the past or updated infrequently, there is little baseline 
information to be established. Therefore, the current study proposes an alternative and simple 
way to indentify croplands annually with AVHRR/NDVI data in Illinois.    
The method is based on the findings of Prasad et al. (2006) in Iowa using NDVI to 
estimate crop yield. They discovered that the average NDVI of corn and soybean in the 
growing season (May to September) from 1982 to 2001 are in the interval of 0.55 to 0.65 and 
0.6 to 0.7 respectively (Prasad et al., 2006). Considering the similarity of the overall crop 
growing condition as well as production/management practices between Iowa and Illinois, a 
bold assumption was made here that NDVI averages of the two major crops in the growing 
season in Illinois is within the 0.55 to 0.7 bracket. Converting the values to the scale of the 
AVHRR data, we defined corn in the range of 155 to 165 and soybean between 160 and 170. 
Therefore, for each year, croplands were defined by pixel cells (1.1 × 1.1 𝑘𝑚) whose NDVI 
averages during the growing season (May to September) ranged between 155 and 170. Again 
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“raster calculator” in ArcGIS was used, and pixel cells within such range were clipped out 
and defined as the croplands in Illinois.  
Despite the fact that the approach might seem a bit subjective, it is fundamentally sound 
on two grounds. First, Illinois is an agriculture-dominated state, primarily producing corn, 
soybean and swine. Illinois’ 76,000 farms cover approximately 24 million acres, which is 
88.5 percent of the state's total land area (NASS quickstats 2.0). Therefore, it is safe to say 
that in the summer when crop canopy is fully developed, large areas of green fields are 
normally cultivated with corn or soybean. Second, although it is likely that the NDVI values 
for crops in July and August are difficult to be discriminated from that of forests (i.e. some 
pixels included in the croplands turned out to be forests), it is a trivial concern as NDVI is a 
general indicator of greenness or how healthy vegetation is. For example, in a dry year, the 
index value for both dense crops and forests are likely to be lower than normal. In other 
words, the index as well as the change in the values of the index is an effective and holistic 
measurement of the growing condition of crops because it implicitly reflects a variety of 
factors including soil quality, temperature, rainfall and solar radiation. One additional 
advantage of the method is that it automatically removes cloud cover.  
Once the crop area for each year was identified, “zonal statistics” in ArcGIS was run to 
generate the monthly mean NDVI values for the 102 counties in Illinois. This led to 2,420 
observations in the targeted years. Building regressions at the county level helps avoid the 
issue of low degree of freedom for estimation. Evaluation of the accuracy of this approach 
was discussed in the next sub-section. 
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2.5 Classification Accuracy 
 The classification of cropland vs. non-cropland was assessed using NASS CDL, which 
served as the reference data. The two sets of layers were compared each year from 1999 to 
2012. CDL layers were re-sampled and re-classified to have the same resolution with AVHRR 
data and to represent agricultural lands vs. non-agricultural lands. Then the error matrix 
approach was adopted. Each grid categorized as crops were given the value of 1 while 
non-agricultural grids were assigned as 0. The CDL and AVHRR NDVI layer were stacked 
and the values of each overlaying grids were summed. In short, the grids with the values of 0 
and 2 in the output layer indicated that classification in the NDVI layer was correct, whereas 
grids with the value of 1 were incorrectly classified.  
The classification accuracy is represented as a ratio—number of grids accurately 
classified divided by total grids shown below: 
 
(
𝐺𝑟𝑖𝑑𝑠, 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 0 + 𝐺𝑟𝑖𝑑𝑠, 𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 2
𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑟𝑖𝑑𝑠
 × 100%) 
 
The average ratio was 68.13% with a standard deviation of 5.58%. The high and low were 
80.57% and 60.75%. The overall performance of the NDVI-range approach was not as good 
as we hoped, and upon checking the number of grids in each category, significantly more 
were classified as croplands in the NDVI layer. This is somewhat expected as the 
NDVI-range approach does not filter out other types of vegetation in the similar spectrum 
range, and thus overestimates the area of agricultural lands. But again like crops, the 
greenness (i.e. NDVI value) of other types of vegetation—pasture, grassland, and 
forests—also varies based on weather and rainfall patterns despite to a lesser degree. In short, 
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it is still desirable to derive NDVI values from areas that are actually agricultural lands so 
that the change of the NDVI value across the growing season is better captured. The nearly 
70% classification accuracy is a decent result and the error is unlikely to jeopardize the 
regression analyses.  
 
2.6 Descriptive Analyses of NDVI Data 
 Summary statistics for the NDVI variables at the county level are presented in Table 2.1. 
May NDVI average was the lowest at 147.28 while on average NDVI peaked in August at 
173.27. The mean of the change from May to August was 25.99. June and July averaged at 
157.28 and 171.57 respectively. Throughout the growing season, monthly average changes in 
NDVI were all positive except the period from August to September (-11.38).  
When NDVI data were aggregated to the state level, summary statistics were similar as 
indicated in Table 2.3. In addition, during the 24 years’ study period, May NDVI decreased at 
a rate of 0.08 units per year. On the other hand, June, July, August, and September values 
increased at an annual rate of 0.38, 0.50, 0.54, and 0.15 units respectively. May and August 
NDVI had a mean of 145.96 and 174.74. Their annual observations were plotted in Figure 2.1. 
Figure 2.2 illustrates May to June and May to August NDVI changes; an average of 11.50 
and 28.78 were observed. On average, the two variables increased by 0.46 and 0.62 units per 
year. The average September NDVI across the time span was 162.17, which was a significant 
decline (-12.5) from August. This indicates that the greenness of crops usually peaked in 
August. The finding is consistent with crop plant phenology; corn and soybean plants are 
fully developed near the end of the reproductive stage. As crops gradually mature in 
September and harvest season starts, the NDVI value of crops is expected to decrease.  
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 High correlation amongst independent variables warns the presence of multicollinearity. 
Correlation matrix for county level and state level NDVI variables are presented in Table 2.2 
and 2.4. At the county level, May NDVI had a negative correlation with July (-0.53) and 
August (-0.5), whereas July and August had a positive correlation coefficient at 0.62. In 
contrast, NDVI variables at the state level were less correlated with the exception of July and 
August (0.70) and August and September (0.54). In sum, July and August NDVI variables 
were relatively more correlated to each other than the other months. Upon checking the mean 
of the two months’ NDVI, the difference was less than 2 for both county and state level. In 
other words, the greenness of plants generally stabilized in July and only small increases in 
NDVI were observed from July to August.    
 
2.7 NDVI and Crop Condition Ratings  
 USDA crop condition data was accessed at Quick Stats 2.0: Agricultural Statistics Data 
Base from NASS. The crop condition data is originally released in the weekly Crop Progress 
& Condition Report that also provides information such as degree days, temperature, 
precipitation, crop planting progress, crop development and harvesting progress. Crop 
conditions ratings are categorized into five classes: excellent, good, fair, poor and very poor. 
This section looks at the correlation of the combined percentages of excellent and good 
ratings corn and soybean with NDVI variables throughout the growing season.  
Corn and soybean condition ratings for Illinois are first available in 1986. Weekly 
excellent and good rating data in June, July, August, and September for corn and soybean 
were acquired and averaged to construct a monthly rating. Then the excellent and good rating 
percentages were summed for corn and soybean respectively. The combined excellent and 
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good rating percentages are often used to monitor crop development over the growing season 
and therefore a good indication of final crop yield and production level. The last ratings 
reported for a given year, typically sometime in September, were used as the input for the 
conditions rating model. The average corn and soybean ratings for the study period were 
60.78% and 60.15%. The standard deviations are also similar at 25.71% and 21.14%. Corn 
and soybean both had the lowest condition rating in 1988 at 2% and 11% in 1988, which 
happened to have allegedly the worst drought in the past fifty years. The terrible ratings also 
translated to the lowest yields for corn and soybean at 72 and 27 bushels per acre respectively. 
The highest condition ratings for corn were 98% in 1989 and 96% for soybean in 1992.     
 In order to substantiate the argument that there is fundamental difference between crop 
condition ratings and NDVI data, the relationship of the two variables was further examined. 
Table 2.5 and 2.6 give the correlation results for corn and soybean respectively. For corn, the 
correlation coefficients of June, July, and August were 0.3, 0.17, and -0.07. Similarly, little 
correlation between monthly NDVI and crop rating was found for soybean; the coefficients 
were 0.22 for June, 0.18 for July, and -0.01 for August. In fact, for both crops, the correlation 
gradually went down in July and became even negative in August. The study further analyzed 
the relationship between monthly change of NDVI and monthly change of the combined crop 
rating. Correlation results are listed in Table 2.6 and 2.8 for corn and soybean respectively. 
From June to July, the coefficients for corn and soybean were 0.32 and 0.28. The changes of 
NDVI and crop condition percentage ratings were more correlated in the second period for 
both corn (0.42) and soybean (0.61). 
 In short, little correlation was observed for monthly NDVI and crop condition ratings. As 
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the growing season progressed, the correlation declined in July and became almost zero in 
August. This is because NDVI typically peaked in August (16 out of 24 years) and was 
always in the range of 167 and 189. In contrast, the crop rating percentage had substantially 
more variation; in good years such as 1992, August rating could go up to 93.4% from 32% in 
June for corn, whereas in an extremely drought year like 2012, the rating declined 
substantially from 52.75% in May to 4.5% in August. Therefore, it is not surprising that we 
found no correlation here as crop condition rating went up or down by big margins in 
different years whereas NDVI exhibited solely increasing trends. The correlation between 
monthly changes of NDVI and that of crop ratings further supported the finding. There was 
much higher correlation from July to August compared to that between June and July. This is 
because NDVI values always increased between June and July but, in 12 years out of 24, both 
corn and soybean crop ratings decreased in that period. In contrast, 8 out of 24 NDVI values 
decreased despite by only small amount in the second period. Although corn and soybean 
rating changes were negative 15 and 13 times out of 24 respectively; importantly however, in 
all the eight years when NDVI peaked in July, both corn and soybean ratings declined from 
July to August.         
 
2.8 Weather Variables and Descriptive Analyses 
 Monthly temperature and rainfall observations from 1960 to 2012 were used in the 
Modified Thompson model. A beginning year of 1960 was used by Tannura et al. (2008) in 
that significant nitrogen fertilizer applications began around 1960 and thus resulted in an 
increase in corn yields. 
 State-level monthly precipitation and temperature data were acquired from the National 
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Climatic Data Center, which divides state into “climatically quasi-homogeneous” divisions 
(National Climatic Data Center, 2002). Statewide monthly rainfall observations were 
computed by averaging the total precipitation over a given month across the divisions of a 
state. Monthly temperature for any climatic division was equal to the average of daily 
minimums and maximums over a month. Then based on the area each division covers, a 
weighted average was calculated to form the state-level monthly temperature.  
 As presented in Table 2.9, pre-season precipitation, defined as the total precipitation from 
September through April, averaged at 23.22”. May, June, and July average precipitation was 
similar at 4.33”, 4.13”, and 3.97” respectively. August was found to be drier, whose average 
precipitation was 3.56”. Standard deviations of May and June were slightly higher than that 
of July and August, which indicates there was more rainfall variability early in the growing 
season. Table 2.9 also reveals that May was the coolest with an average temperature of 
62.48°F while July was the hottest with an average temperature of 75.43°F. Standard 
deviations in June and July were similar, at around 2°F, but were much higher in May, 
suggesting more temperature variation.  
 Table 2.10 shows that correlations of monthly precipitation were low, which means that 
monthly precipitation was a poor indicator of future months’ precipitation. Similarly, monthly 
temperature correlations were low as well. Precipitation and temperature within each month 
(except August) had negative relationships, ranging from -0.10 in June to -0.32 in July. The 
results indicate that July precipitation and temperatures were somewhat correlated as 
warm-dry and cool-wet scenarios go hand in hand. The relationship between August 
precipitation and temperature was negligible, with a coefficient of 0.01.  
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2.9 Corn and Soybean Yields and Descriptive Analyses 
County level corn and soybean yields data in Illinois were acquired at Quick Stats 2.0: 
Agricultural Statistics Data Base (http://quickstats.nass.usda.gov/), a website administered 
and maintained by NASS. Corn and soybean final yields used in the regressions are defined 
as the best estimate of total production divided by harvested acreage. 
Summary statistics of corn and soybean yields are presented in Table 2.1 for Illinois 
counties. There was a lot of variation for corn yields, with a mean of 137.83 bushels per acre 
and a standard deviation of 30.88. The lowest yield was 19 bushels per acre and the highest 
was 207 bushels per acre. In contrast, soybean yield had less variation with a mean of 42.39 
bushels per acre and a standard deviation of 7.85. The lowest yield for an Illinois county in 
the studied time span was 15 bushels per acre and highest was 63.3 bushels per acre.  
At the county level, corn and soybean yields were positively correlated with a 
coefficient of 0.73 as shown in Table 2.2. The high correlation may reflect that both crops’ 
yields were affected by weather simultaneously. That is, given a year of benign weather 
condition, both crops should have higher yields and vice versa. In addition, annual corn and 
soybean yields and May to August NDVI Change were graphed for 102 Illinois counties from 
1989 to 2012 (Appendix Figure 1-24). A clear pattern could be observed: counties of high 
crop yields in a given year had greater NDVI change from May to August, which supports the 
study’s initial hypothesis.   
Summary statistics of state level crop yields from 1989 to 2012 are presented in Table 
2.3. In the 24 years’ time span, corn yield had an average of 145.25 bushels per acre with a 
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standard deviation of 21.77 bushels per acre. The high and low were 180 bushels per acre in 
2004 and 105 bushels per acre in 2012. On average, corn yield in Illinois increased at a rate 
of approximately 1.58 bushels per acre per year between 1989 and 2012 (Figure 2.3). On the 
other hand, soybean yield had much less variation in the same period, with a mean of 43.65 
bushels per acre and a standard deviation of 3.77 bushels per acre. The lowest yield was 37 
bushels per acre recorded in 2003 and the highest was 51.5 bushels per acre in 2010. In the 
same study period, soybean yield had less improvement compared to corn, at an average of 
0.35 bushels per acre per year (Figure 2.4). State corn and soybean yield had a smaller 
correlation coefficient at 0.62.  
Figure 2.5 and 2.6 illustrate the annual Illinois state-level corn and soybean yields when 
comparing to NDVI May to August change. The plots show that crop yields and NDVI 
change variable moved approximately along the same line, especially for corn. In more detail, 
whenever corn yields went up or down, the NDVI variable moved in the similar direction 
except observations in 1995, 1998, and 2004. 1995 was one of the lowest yield years for corn 
at 113 bushels per acre while 2004 hit the record high for corn yield. One noticeable 
observation for soybean is that, in 2003, soybean production was decimated by insect and 
disease, resulting in the lowest yield at 37 bushels per acre during the study period when the 
NDVI variable was well above average. These initial findings may suggest that the NDVI 
variables did not contain enough information to fully explain variation of crop yields in 
“abnormal years” when unexpected events occurred for instance drought and insect disease.    
 Illinois state-level corn and soybean yields dating back to 1960 were used for the 
Modified Thompson Model’s regressions. Corn and soybean yield summary statistics are 
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presented in Table 2.9. Corn yield had a much smaller average at 121.06 bushels per acre, 
with the lowest yield recorded in the year of 1960 at 68 bushels per acre. There was also more 
variation in corn yield with a standard deviation of 30.42 bushels per acre compared to the 
period of 1989 to 2012. The mean of soybean yield was also lower at 37.45 bushels per acre 
but standard deviation almost doubled at 7 bushels per acre. Annual yield observations were 
plotted in Figure 2.7 and 2.8 for corn and soybean respectively. Both crops’ yields exhibited 
upward trends; corn yield increased at an annual rate of 1.60 bushels per acre and the rate for 
soybean yield was 0.40 bushels per acre.   
 
2.10 Summary 
 This section provided a background of several popular remotely sensed data, including 
AVHRR, MODIS, and Landsat. Having considered a number of the data features such as 
temporal length, resolution, spatial coverage, and repeat cycle, AVHRR/NDVI was selected 
and processed for further analyses in the present study. A review of land cover type 
classification based on remote sensing data was presented. However, due to the large amount 
of years in consideration, this study proposed an innovative NDVI range approach, which 
was able to distinguish agricultural areas effectively on an annual basis. In addition, the 
classification performance of our approach was assessed using 13 years of NASS CDL data 
(starting from 1999) and the accuracy was on average 70%. The error to a large extent was 
due to an overestimation of croplands. Moreover, little correlation was found between crop 
condition ratings and NDVI variables. Lastly, Illinois state-level corn and soybean yields 
from 1960 to 2012 and county level yields from 1989 to 2012 were acquired from NASS 
quicksets 2.0. Temperature and precipitation data from 1960 to 2012 was acquired from 
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National Climatic Data Center. A review of their summary statistics was provided. NDVI 
variables—June, July, August, May to June, May to August—also exhibited increasing trends. 
As the growing season proceeded, NDVI values increased significantly from May, stabilized 
in July, and finally peaked in August.   
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2.11 Tables  
Table 2.1. Summary Statistics for Illinois County Corn and Soybean Yields and NDVI 
Variables, 1989-2012 
 
Variable Obs. Mean 
Standard 
Deviation 
Min Max 
1989 to 2012 Data 
    
Corn 2420 137.8279 30.87596 19 207 
Soybean 2420 42.38822 7.851636 15 63 
May 2420 147.2789 8.782999 122.369 176.167 
June 2420 157.2820 6.889427 139.872 178.281 
July 2420 171.5726 6.431420 150.456 187.466 
Aug. 2420 173.2707 5.662833 154.613 187.245 
Sept. 2420 161.8902 6.949025 137.945 183.308 
May to June 2420 10.00312 10.00547 -17.135 38.282 
May to Aug. 2420 25.99179 12.60729 -10.779 57.28 
Aug. to Sept. 2420 -11.38041 8.113277 -42.275 9.335 
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Table 2.2. Correlation Matrix for Illinois County Corn and Soybean Yields and NDVI Variables, 1989-2012 
 
 
Corn Soybean May June July Aug. Sept. 
May to 
June 
May to 
Aug. 
Aug. to 
Sept. 
Corn 1 
        
 
Soybean 0.7297 1 
       
 
May -0.5005 -0.5239 1 
      
 
June 0.133 0.1412 0.2024 1 
     
 
July 0.6989 0.5906 -0.5312 0.2285 1 
    
 
Aug. 0.6634 0.6211 -0.5000 -0.0166 0.6233 1 
   
 
Sept. 0.026 -0.0585 0.2028 -0.286 -0.2392 0.1846 1 
  
 
May to 
June 
0.5309 0.5571 -0.7384 0.5109 0.6236 0.4275 -0.3749 1 
 
 
May to 
Aug. 
0.6466 0.6439 -0.9212 -0.1485 0.6500 0.7975 -0.0584 0.7064 1  
Aug. to 
Sept. 
-0.4408 -0.4836 0.5227 -0.2333 -0.6400 -0.5398  0.7276 -0.6195 -0.6066 1 
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Table 2.3. Summary Statistics for Illinois State Corn and Soybean Yields and NDVI 
Variables, 1989-2012 
 
Variable Obs. Mean Std. Dev. Min Max 
1989 to 2012 Data 
    
Corn 24 145.25 21.76805 105 180 
Soybean 24 43.64583 3.774857 37 51.5 
May 24 146.0362 3.41967 137.5 151 
June 24 157.5413 5.188907 148.5 167 
July 24 172.9579 5.493385 163.5 186.5 
Aug. 24 174.5971 5.173396 166 189.5 
Sept. 24 162.0967 6.252297 153 174.5 
May to June 24 11.50468 6.087042 -2.5 20.5 
May to Aug. 24 28.56061 6.607366 15.5 41 
Aug. to Sept. 24 -12.50042 5.544171 -24.5 -4.5 
 
34 
 
Table 2.4. Correlation Matrix for Illinois State Corn and Soybean Yields and NDVI Variables, 1989-2012 
 
 
Corn Soybean May June July Aug. Sept. 
May to 
June 
May to 
Aug. 
Aug. to 
Sept. 
Corn 1 
        
 
Soybean 0.6202 1 
       
 
May -0.3286 0.0335 1 
      
 
June 0.2225 0.4464 0.044 1 
     
 
July 0.6649 0.5344 -0.2007 0.3768 1 
    
 
Aug. 0.6313 0.6345 -0.1469 0.2123 0.7044 1 
   
 
Sept. 0.3107 0.1524 -0.0813 -0.3565 0.0993 0.5428 1 
  
 
May to 
June 
0.3744 0.3617 -0.5243 0.8276 0.434 0.2635 -0.2582 1 
 
 
May to 
Aug. 
0.6644 0.4795 -0.6326 0.1434 0.6554 0.859 0.4671 0.4776 1  
Aug to 
Sept. 
-0.2387 -0.4202 0.0454 -0.6002 -0.5453 -0.3209 0.6212 -0.5371 -0.2748     1 
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Table 2.5. Correlation between Monthly NDVI and Monthly Corn Condition for Illinois, 
1989-2012  
 
 
June July Aug. 
June 0.30067 
  
July 
 
0.165575 
 
Aug. 
  
-0.06839 
 
Note: crop condition is measured in terms of the combined percentage of crops rated as 
excellent and good.  
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Table 2.6. Correlation between Monthly Change in NDVI and Monthly Change in Corn 
Condition for Illinois, 1989-2012 
 
 
June to July July to Aug. 
June to July 0.315754 
 
July to Aug. 0.42428085 
 
Note: crop condition is measured in terms of the combined percentage of crops rated as 
excellent and good.  
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Table 2.7. Correlation between Monthly NDVI and Monthly Soybean Condition for 
Illinois, 1989-2012 
 
 
June July Aug. 
June 0.216107 
  
July 
 
0.181524 
 
Aug. 
  
-0.0084 
 
Note: crop condition is measured in terms of the combined percentage of crops rated as 
excellent and good.  
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Table 2.8. Correlation between Monthly Change in NDVI and Monthly Change in 
Soybean Condition for Illinois, 1989-2012 
 
 
June to July July to Aug. 
June to July 0.275413 
 
July to Aug. 0.608074 
 
Note: crop condition is measured in terms of the combined percentage of crops rated as 
excellent and good.  
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Table 2.9. Summary Statistics for Illinois State Corn and Soybean Yields and Weather 
Variables, 1960-2012 
 
Variable Mean Std. Dev. Min Max 
Corn Yield 121.06 30.42 68.00 180.00 
Soybean Yield 37.45 7.00 24.50 51.50 
Preseason Precip. 23.22 3.66 15.91 30.84 
May Precip. 4.34 1.70 1.26 8.73 
June Precip. 4.13 1.56 1.05 7.68 
July Precip. 3.97 1.33 1.74 7.25 
August Precip. 3.55 1.31 1.69 6.91 
May Temp. 62.49 3.44 57.40 69.50 
June Temp. 71.66 1.98 66.80 76.10 
July Temp. 75.43 2.23 70.20 79.90 
August Temp. 73.30 2.46 68.50 78.80 
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Table 2.10. Correlation Matrix for Illinois State Corn and Soybean Yields and Weather Variables, 1960-2012 
 
Corn 
Yield 
Soybean 
Yield 
Preseason 
Precip. 
May 
Precip. 
June 
Precip. 
July 
Precip. 
August 
Precip. 
May 
Temp. 
June 
Temp. 
July 
Temp. 
August 
Temp. 
Corn Yield 1 
          
Soybean Yield 0.9015 1 
         
Preseason 
Precip. 
0.1379 0.1274 1 
        
May Precip. 0.0695 0.0678 0.0929 1 
       
June Precip. 0.2039 0.2277 0.2153 0.338 1 
      
July Precip. 0.2887 0.2047 -0.1164 -0.0853 0.1746 1 
     
August Precip. 0.1351 0.1935 -0.087 -0.0633 0.0802 -0.098 1 
    
May Temp. 0.0793 0.0909 -0.0747 -0.2783 0.0396 -0.019 0.3164 1 
   
June Temp. 0.0159 0.0473 0.2066 -0.0491 -0.1002 -0.1121 -0.1887 -0.0593 1 
  
  July Temp. -0.2144 -0.0167 -0.0422 -0.0038 0.0323 -0.3194 -0.0249 0.0498 0.0346 1 
 
August Temp. -0.1317 -0.0835 0.0758 0.1036 0.1616 -0.265 0.0145 0.1044 0.265 0.3521 1 
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Figure 2.2. Change of NDVI Value from May to June and May 
to August, 1989-2012 
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Figure 2.3. Illinois State-level Corn Yield, 1989-2012 
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Figure 2.4. Illinois State-level Soybean Yield, 1989-2012 
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Figure 2.5. Illinois Corn Yield vs. NDVI May to August Change, 
1989-2012  
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Figure 2.6. Illinois Soybean Yield vs. NDVI May to August 
Change, 1989-2012  
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Figure 2.7. Illinois State-level Corn Yield, 1960-2012 
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Figure 2.8. Illinois State-level Soybean Yield, 1960-2012 
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3. MODEL DEVELOPMENT 
3.1 Introduction 
Previous NDVI-based models almost all considered integrated, summed, or average NDVI 
values over the growing season as the explanatory variables. The rationale behind is that the 
higher the sum (or the average) during the season, the higher the yield may be realized in a 
given year. This thesis takes on an alternative approach that focuses on the change in the crops’ 
NDVI value at different stages of the growing season. In addition, the effect of early planting 
was taken into account by the model. This section explains in detail the NDVI regression 
models at different levels of aggregation and provides a brief explanation of the modified 
Thompson model and crop condition ratings model.      
 
3.2 NDVI Model Development 
 NDVI has long been applied to measure vegetative development and detect drought. 
Therefore, it is logical to hypothesize that it can be an effective indicator of crops’ growing 
condition. Like previous studies, the current model included only NDVI variables along with 
the trend variable to reflect technological improvement over time, since the thesis tries to 
answer the question whether NDVI variables alone can effectively estimate corn and soybean 
yields.   
 The fixed effect county level NDVI panel regression model is defined as: 
(𝑌𝑖𝑒𝑙𝑑𝑖𝑡) = 𝛽0𝑖 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝛽2(𝑀𝑎𝑦 𝑁𝐷𝑉𝐼)𝑖𝑡 + 𝛽3(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒 𝑁𝐷𝑉𝐼)𝑖𝑡
+ 𝛽4(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔𝑢𝑠𝑡 𝑁𝐷𝑉𝐼)𝑖𝑡 + 𝜀𝑖𝑡 
A trend regression was also considered as the baseline for comparison purposes. The equation 
is shown below: 
50 
 
(𝑌𝑖𝑒𝑙𝑑𝑖𝑡) = 𝛽0𝑖 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝜑𝑖𝑡 
where 𝑖(= 1, 2, 3 … 102) stands for the counties in Illinois and 𝑡 (= 1, 2, 3 … 24) is the time 
period for the variables considered. The error terms (𝜀𝑖𝑡, 𝜙𝑖𝑡) are clustered by county. To avoid 
downward bias of standard errors, a robust standard error was used to ensure the significance 
level of independent variables was not overstated.  
 Similarly, the random effect county level NDVI and trend panel regression models are 
stated below: 
(𝑌𝑖𝑒𝑙𝑑𝑖𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝛽2(𝑀𝑎𝑦 𝑁𝐷𝑉𝐼)𝑖𝑡 + 𝛽3(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒 𝑁𝐷𝑉𝐼)𝑖𝑡
+ 𝛽4(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔𝑢𝑠𝑡 𝑁𝐷𝑉𝐼)𝑖𝑡 + 𝜔𝑖𝑡 
(𝑌𝑖𝑒𝑙𝑑𝑖𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝛿𝑖𝑡 
where 𝑖(= 1, 2, 3 … 102) stands for the counties in Illinois and 𝑡 (= 1, 2, 3 … 24) is the time 
period for the model. The error terms (𝜔𝑖𝑡, 𝛿𝑖𝑡) are clustered at the county level. To avoid 
downward bias of standard errors, a robust standard error was used to ensure the significance 
level of independent variables is not overstated. A discussion of the choice between fixed effect 
and random effect model will be presented later the section. 
 In the fixed effect case, each county is assumed to have dissimilar intercept terms as 
reflected in the subscript of 𝛽0𝑖. On the other hand, the random effect model assumes that all 
counties are a random drawing from all U.S. counties and the individual differences in the 
intercept values of each county are reflected in the error term 𝜔𝑖𝑡. Independent 
variable 𝑌𝑒𝑎𝑟𝑡 again represents the impact of technological improvement on crop 
yields. 𝑀𝑎𝑦 𝑁𝐷𝑉𝐼𝑖𝑡   reflects vegetation conditions at the beginning of the growing season. If 
some counties have higher NDVI values in May than others or a specific county has higher 
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May NDVI values in a given year, presumably it is due to early planting. Popular opinion in 
agronomy literature suggests that early planting often leads to better yields if normal weather 
proceeds in the rest of the growing season. Nafziger (2008, 2012) revealed the myth 
surrounding early planting; there is a small yield advantage for corn planted in mid-April and 
yield penalty becomes increasingly larger if corn is planted later than early May. Therefore, 
this independent variable distinguishes early and late planting and measures their effect on 
final crop yields. 
 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒𝑖𝑡  accounts for the initial plants development at the vegetative stage. Large 
increases in May to June NDVI values suggest that crops’ structure and canopy are developing 
well and may imply a good harvesting year holding other factors constant. Lastly, since NDVI 
values tended to peak in August in our sample, 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔𝑢𝑠𝑡 𝑁𝐷𝑉𝐼𝑖𝑡 is defined as the total 
NDVI change during crops’ vegetative and reproductive stages. Presumably, the greater the 
differences between May and August NDVI values are, the better crops have vegetated, which 
will likely result in larger yields. Therefore, coefficients,  𝛽1, 𝛽2, 𝛽3, 𝛽4, are expected to have 
positive signs.     
 NDVI values in individual months such as June, July, August, and September were 
dropped from the model due to the concern of multicollinearity and based on the principle of 
parsimony. As shown in the correlation matrix (Table 2.2), June, July and August NDVI values 
were highly correlated. In September when corn and soybean crops were more or less at 
maturity, the NDVI values tended to decline comparing to August. Therefore, neither 
September NDVI nor the NDVI change from August to September should have any real 
explanatory power for crop yields.      
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Excessive precipitation (in extreme cases leading to flood) and too high in temperature or 
heat wave (leading to drought) can substantially shorten grain-filling stage, resulting in small 
seeds and consequently low yield. This is why weather-based regression models often include 
associated quadratic terms. However, it is unlikely that too much “greenness” accumulated 
over the growing season has adverse effect on plant development and crop production. 
Therefore, all the NDVI variables were in linear forms and no associated quadratic terms were 
added to the model.  
 
3.3 Fixed-Effect vs. Random Effect Panel Models  
 This sub-section provides a brief discussion of the choice between fixed-effect model 
against random effect model based on some generally accepted rules and statistical evidence. 
Some guidelines summarized by Gujarati and Porter (2009) may be helpful (pp. 606-607). First, 
if T (number of time series data) is large and N (the number of cross-sectional units) is small, 
there is no difference in the estimated coefficients between the two models. But, fixed-effect 
model is preferred due to computational convenience. Second, when N is large and T is small, 
the estimates can differ substantially. Random effect model is preferred when cross-sectional 
units are a random drawing from a population, whereas fixed effect model is more appropriate 
if cross-sectional units are not random drawings. The present study has a short panel (T=24) 
and a comparatively large number of cross-sectional units (N=102). Meanwhile, there is no 
reason to believe that the 102 counties in Illinois are actually random drawings from total U.S. 
counties. For this reason, fixed-effect model is more suitable for the current panel dataset. 
Third, random effect estimators are biased if the individual error component is correlated with 
the regressors.  
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The Hausman test was conducted to test whether random effects estimation is as good as 
fixed effect estimation for a model and data in which fixed effect model is more appropriate.  
In detail, the Hausman test is a test of 𝐻0: random effects estimation is consistent and efficient, 
and 𝐻1: random effects estimation is inconsistent. If the test statistic is large, null hypothesis 
has to be rejected, and thus random effects estimators are inconsistent. For both corn and 
soybean, the test statistics were big enough (60.60 and 517.23 respectively) to reject the null 
hypotheses. Therefore, the Hausman test provided strong statistical evidence to use the fixed 
effects model rather than random effects model for our panel dataset.             
 
3.4 State Level Ordinary Least Squares (OLS) Regression  
 The same NDVI model was considered at the state level for Illinois. The pixels were 
aggregated to the state by taking a simple average. The NDVI and trend regression models are 
stated as: 
(𝑌𝑖𝑒𝑙𝑑𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝛽2(𝑀𝑎𝑦 𝑁𝐷𝑉𝐼)𝑡 + 𝛽3(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒 𝑁𝐷𝑉𝐼)𝑡
+ 𝛽4(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔𝑢𝑠𝑡 𝑁𝐷𝑉𝐼)𝑡 + 𝜀𝑡 
(𝑌𝑖𝑒𝑙𝑑𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝜙𝑡 
where 𝑡 (= 1, 2, 3 … 24) is the time period for the model. The error terms (𝜀𝑡, 𝜙𝑡) are clustered 
at the state level. Ordinary least squares regression (OLS) was conducted to assess how state 
level NDVI averages could characterize state level corn and soybean yields. Although there is 
much less effort involved in data processing and computation comparing to county level panel 
regressions, there are two disadvantages associated with state level OLS. First, 24 observations 
result in a much lower degree of freedom for estimation. Second, much of the variation in 
county yields and county NDVI were smoothed when aggregated to the state level. 
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Nonetheless, the results are still valuable as comparison can be made to see if the signs of 
NDVI coefficients are consistent with that of county level panel regressions.  
 
3.5 Individual County OLS Regressions 
 Preliminary panel regression results indicate that when NDVI variables were introduced to 
the model, there was a noticeable reduction in the significance level of the trend variable. For 
the corn model, the trend variable in the NDVI model was only significant at 𝛼 = 10% and the 
sign turned negative. For soybean, despite the fact that trend coefficient remained positive, it 
was close to zero and no longer significant. Therefore, to examine this phenomenon one step 
further, trend and NDVI OLS regressions were conducted for each of the 102 counties in 
Illinois respectively. Likewise, the NDVI and trend regression models for each county are 
listed below: 
(𝑌𝑖𝑒𝑙𝑑𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝛽2(𝑀𝑎𝑦 𝑁𝐷𝑉𝐼)𝑡 + 𝛽3(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒 𝑁𝐷𝑉𝐼)𝑡
+ 𝛽4(𝐶ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔𝑢𝑠𝑡 𝑁𝐷𝑉𝐼)𝑡 + 𝜀𝑡 
(𝑌𝑖𝑒𝑙𝑑𝑡) = 𝛽0 + 𝛽1(𝑌𝑒𝑎𝑟)𝑡 + 𝜙𝑡  
where 𝑡 (= 1, 2, 3 … 24) is the time period for the model. The error terms (𝜀𝑡, 𝜙𝑡) are by 
county. Furthermore, the number of counties whose trend variable became insignificant was 
counted. The findings could potentially shed some light on the debate of whether benign 
weather in recent years or technology was actually the main driver of crop yields boosts since 
1990s in the U.S. Corn Belt.     
 
3.6 Modified Thompson Model 
 The modified Thompson model was developed by Tannura et al. (2008). It is an ordinary 
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linear regression model that utilizes temperature and rainfall data to explain the relationship 
between weather, technology, and corn and soybean yields in the U.S. Corn Belt. The 
regression model for a given state and crop is established as below: 
𝑦𝑖𝑒𝑙𝑑𝑡 = 𝛽0 + 𝛽1 ∗ (𝑦𝑒𝑎𝑟)𝑡 + 𝛽2 ∗ (𝑆𝑒𝑝𝑡𝑒𝑚𝑏𝑒𝑟 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝐴𝑟𝑝𝑖𝑙 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡 + 𝛽3
∗ (𝑀𝑎𝑦 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡 + 𝛽4 ∗ (𝐽𝑢𝑛𝑒 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡
+ 𝛽5 ∗ (𝐽𝑢𝑛𝑒 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡
2 +  𝛽6 ∗ (𝐽𝑢𝑙𝑦 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡 + 𝛽7
∗ (𝐽𝑢𝑙𝑦 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡
2 + 𝛽8 ∗ (𝐴𝑢𝑔𝑢𝑠𝑡 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡 + 𝛽9
∗ (𝐴𝑢𝑔𝑢𝑠𝑡 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛)𝑡
2 + 𝛽10 ∗ (𝑀𝑎𝑦 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒)𝑡 + 𝛽11
∗ (𝐽𝑢𝑛𝑒 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒)𝑡 + 𝛽12 ∗ (𝐽𝑢𝑙𝑦 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒)𝑡 + 𝛽13
∗ (𝐴𝑢𝑔𝑢𝑠𝑡 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒)𝑡 + 𝜀𝑡  
 The model included monthly rainfall and temperature for May, June, July and August, 
quadratics for rainfall variables (except for May), September through May pre-season 
precipitation to account for soil moisture, and a trend variable to represent technological 
improvement. The model explained most of the variation of corn (94% to 95%) and soybean 
(89% to 91%) yields for Iowa, Illinois, and Indiana from 1960 to 2006. The model identified 
key yield determinants as cooler weather during July and August and moderately 
higher-than-average precipitation in the growing season. The model estimated corn and 
soybean yields reasonably well except in some years when insects, diseases, and extreme 
weather events occurred (Tannura et al., 2008). The thesis replicated regressions of the 
modified Thompson model with the latest weather and yield data up to 2012.     
 
3.7 Crop Condition Ratings Model 
 During the growing season, the USD A reports the percentage of the crops rated in 
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excellent, good, fair, poor, and very poor conditions on a weekly basis. Previously, Irwin and 
Good (2010) have found a highly significant relationship between the final crop conditions 
ratings (percent of the crop rated as good or excellent) and corn yield at the national level. The 
crop condition rating model used in this study was adapted from Irwin and Good (2010). The 
simple regression model utilizes the sum of percentages of crops rated in excellent and good as 
the independent variable along with a time trend to capture increases of yields over time due to 
technology improvement. The specification of the model is shown below: 
𝑦𝑖𝑒𝑙𝑑𝑡 = 𝛽0 + 𝛽1 ∗ (𝑦𝑒𝑎𝑟)𝑡 + 𝛽2 ∗ (𝑠𝑢𝑚 𝑜𝑓 𝑒𝑥𝑐𝑒𝑙𝑙𝑎𝑛𝑡 𝑎𝑛𝑑 𝑔𝑜𝑜𝑑)𝑡 
 Both corn and soybean condition ratings for Illinois were released by the USDA since 
1986, and therefore the sample period of the regression model was from 1986 to 2012. 
However, it is important to take note that the crop conditions rating model as it is cannot 
produce yield predictions until late September unless the ratings published in July or August 
are used instead.    
 
3.8 Summary 
 Four econometrics models—NDVI fixed-effect panel, NDVI state-level OLS, modified 
Thompson model, and crop condition ratings model—are illustrated in this chapter. To avoid 
multicollinearity, only three independent variables were included in the NDVI models. 
Fixed-effect panel regression was chosen mainly because Hausman test indicated that random 
effect was not applicable to the current panel dataset. Additionally, the NDVI OLS model was 
run for each specific county in Illinois to check the significance of the trend variable. The 
estimation results of these models will be reviewed and discussed in the next chapter.   
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4. EMPIRICAL RESULTS 
 
4.1. Introduction 
 This chapter presents the results of each regression model. All three NDVI 
models—county fixed-effect panel, state level OLS, and individual county OLS—were 
estimated with data from 1989 to 2012. Modified Thompson model was estimated with data 
from 1960 through 2012. Model performance statistics and coefficient estimates will be 
analyzed and interpreted. A forecasting competition that compares the predictive power of 
NDVI models, modified Thompson model, and USDA estimates will be the focus in the next 
section.       
 
4.2 Results of County Fixed-Effects Panel Regressions 
 Results of corn and soybean panel fixed-effects are displayed in Table 4.1 and 4.2. 
R-squared values for corn and soybean were 41% and 31% respectively; meaning 41% and 31% 
of the variation of yields were explained by each model. This translated to standard errors of 
16.7 bushels per acre for corn and 2.98 bushels per acre for soybean. Regression F-statistics 
were significant at 1% level for both crops, indicating that the independent NDVI variables 
altogether explained a significant portion of the variation in corn and soybean yields between 
1989 and 2012.  
 The trend only regressions had R-squared values of 15% for corn and 17% for soybean. 
Both trend variables were significant at 1% level. Corn trend coefficient was 1.4775; meaning 
that the marginal effect of technology improvement on corn yield between 1989 and 2012 was 
about 1.48 bushels per acre. This was lower than expected due to the record low yield of 2012. 
Soybean trend coefficient was 0.3479, which indicates that on average technology induced 
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soybean yield to increase by 0.35 bushels per acre every year. Surprisingly, once the three 
NDVI variables were introduced to the model, the technology trend lost much of its 
explanatory power. The corn trend coefficient in the NDVI model became -0.28 and was only 
significant at 10% level. Soybean trend coefficient became almost zero at 0.0389 and was no 
longer statistically significant. The intriguing finding was further examined by the individual 
county OLS regressions.     
 All three NDVI variables—𝑀𝑎𝑦𝑖𝑡, 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒𝑖𝑡, and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑖𝑡—for both corn and 
soybean were statistically significant at 1% level. In the corn model, the estimated coefficients 
were 3.51, 0.74, and 3.42 respectively for 𝑀𝑎𝑦𝑖𝑡, 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒𝑖𝑡, and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑖𝑡. In other 
words, one more unit increase in each of these three NDVI variables will each lift corn yield by 
3.51, 0.74, and 3.42 bushels per acre. Since the typical variation of May to August NDVI 
change was greater than that of May NDVI as shown in Table 2.1, the magnitude of May to 
August NDVI change would have the largest influence over corn yield potential. The finding is 
thus consistent with our initial hypothesis as 𝑀𝑎𝑦𝑖𝑡 accounts for the effect of early crop 
planting and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑖𝑡 measures the overall plant development. The estimated coefficient 
of 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒𝑖𝑡 although small, was still positive, indicating that corn yield benefited from 
decent plant growth during the vegetative stage.  
In the soybean model, estimated coefficients of 𝑀𝑎𝑦𝑖𝑡, 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒𝑖𝑡, 
and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑖𝑡were 0.77, 0.18, and 0.59 respectively. The numbers can be interpreted such 
that the marginal effects of the NDVI variables on soybean yield were 0.77, 0.18, and 0.59 
bushels per acre. Like corn, early planting and in particular overall plants’ health (manifested in 
the size of crops’ canopy) during the growing season had the most explanatory power for 
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soybean yield potential.  
Predicted crop yields and actual yields were plotted in Figure 4.1 and 4.2. The predicted 
yields for the state of Illinois were the weighted average and the weights were constructed 
based on each county’s planted acreage in each year. For corn, the predicted yields exhibited an 
increasing trend but had less variation than the actual yields. Similarly, predicted soybean 
yields had little variation with a mean around 42 bushels per acre.  
However, a notable observation for both crops is that the NDVI models performed poorly 
in years of particularly high and low yields, for instance 2004 and 2012 corn and 1991, 2003, 
2004, and 2010 soybean. Figure 4.3 displayed the ratio of predicted and actual yield for both 
crops. The greater than one the ratio was, the more our model overestimated actual yield and 
vice versa. Corn model underestimated crop yield in 2004, which was a favorable harvest year, 
but overestimated yield in an extremely drought year of 2012. Likewise, soybean model 
overestimated yield in 1991 and 2003 but underestimated yield in 2004 and 2010.  
Corn yield in 2012 for Illinois reached the lowest in the study period at 105 bushels per 
acre due to a prolonged drought. Although the predicted yield was much smaller than previous 
years at 132 bushels per acre, the error was 27 bushels per acre. It is not surprising as the 
NDVI model was not designed to account for extremely unfavorable weather. Poorest yield 
estimates also occurred in 2003 when soybeans were struck by aphid infestation (Cook & Estes, 
2003), which is also beyond the consideration of the model.  
Meanwhile, the NDVI model failed to produce predicted values that quite matched the 
high actual yields. Predicted corn yield was lower than the actual by 26 bushels per acre in 
2004, while predicted soybean yield fell off by 8.5 bushels per acre in 2010. Results from the 
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modified Thompson model by Tannura et al. (2008) suggest that corn and soybean yields in 
general benefit the most from above average rainfall and cooler weather in July and August. 
Based on our hypothesis, such weather conditions should be captured by the NDVI variables 
jointly as ample rainfall and cooler weather in the reproductive stage allow plants to fully 
maximize canopy and leaf size. The underlying problem we believe is the lack of variation in 
the spatial data.  
There are two main reasons that could explain the lack of variation in the spatial data. First 
of all, it is the nature of the NDVI variables. Its value from May to August almost always 
increased and their standard deviations ranged from 5.6 units and 12.6 units (as shown in Table 
2.1). The variation was much smaller than that of corn yield, which was approximately 31 
bushels per acre. In fact, Esquerdo et al. (2011) found similar issues with NDVI data and called 
it saturation effect. In essence, the vegetation index becomes less sensitive to biomass variation 
when it is near the threshold of biomass production as a result of extremely favorable weather. 
The explanation coincides with our finding; the NDVI model underestimated crop yields in 
several years when the overall growing condition was ideal for crops’ development.  
The other factor that contributed to small variation of the spatial data might be related to 
the methodology USGS constructed the 14-day NDVI composite. That is the maximum value 
for each pixel of that 14-day period was selected to represent the value of the composite rather 
than the average. If the averages were chosen as the representative, the bi-weekly and then the 
monthly NDVI would have been smaller. This issue by itself did not create any problem as 
long as each month’s NDVI was inflated. However, if only May NDVI was inflated to a greater 
degree because of other factors, the model could lose some of its explanatory power as the 
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actual changes of NDVI from May to August were misrepresented. In the study sample, May 
NDVI averaged at approximately 145 (or 0.45 on a scale of -1 to 1), but it showed slightly 
negative trend as illustrated by Figure 2.1. If early planting became only popular in recent 
years, May NDVI in earlier years of the study period should be lower, and thus the trend 
should be upward. This leads us to question whether there might be other factors that boosted 
May NDVI in certain years when in fact early planting did not take place.    
To further investigate the issue, we plotted 24 years of county regression residuals along 
with the percentage error of the classified crop acreage. The percentage error was computed 
using NDVI implied acres and actual county planted acreage data from NASS. The figures are 
attached in the Appendix. A general pattern could be observed that, in Southern Illinois, county 
yields and crop acreage tended to be overestimated by big margins. In contrast, Central Illinois 
county yields and crop acreage in some years were underestimated. The difference could be 
attributed to the regional differences in terrain type and prevalent vegetation cover; farms are 
more abundant in Central Illinois than the southern parts, where the terrain is more hilly and 
the surface is covered by more shrubs and sparse forests. Such pattern could be explained by 
the inclusive nature of our classification approach (i.e. some pixels representing shrubs and 
shallow vegetation were classified as croplands by the NDVI-range approach).  
Consider two scenarios concerning the NDVI of crops and shrubs for instance. When 
growing season first starts, crops have way lower NDVI values simply because nothing grows 
on the field. Then as season progresses, there is big change in crops’ NDVI, especially in a 
good year, whereas the NDVI of shrubs undergo relatively small increases regardless of a good 
or bad year. Including mistaken observations (i.e. non-crop pixels) of high May NDVI with 
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small increases later on in each year, the amount of variation in the NDVI variables was further 
reduced, consequently leading to less accurate fitted values.  
In sum, all independent variables possessed some level of explanatory power despite 
relatively low R-squared values for both crops. 𝑀𝑎𝑦𝑖𝑡 and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑖𝑡 had the most 
influence over corn and soybean yields. Yet, the model is not perfect in that the spatial data did 
not have sufficiently enough variation, and the model was not designed to account for extreme 
events such as insect, disease, drought and flood.  
 
4.3 Results of State level OLS 
 The purpose of running the state level NDVI model was to compare results to the fixed 
effect panel regressions. R-squared values were higher at 47% and 53% for corn and soybean 
respectively. Accordingly, the models’ standard deviations narrowed to 15.55 bushels per acre 
for corn and 2.53 bushels per acre for soybean. The reason behind is that when data was 
aggregated to the state level, the loss in variation in crop yields was greater than monthly 
NDVI values. Improved R-squares were also illustrated by Figure 4.4 and 4.5, which plotted 
the actual and predicted yields. Although there was still large deviation in 2012 for corn and in 
2003 for soybean, most years’ predicted values better matched the actual ones. Figure 4.6 
plotted the predicted and actual yield ratio for both crops. It was found that soybean ratios 
distributed closer to 1 and had less variation. Finally, F-statistics were statistically significant at 
5% level for corn and highly significant at 1% level for soybean, indicating the spatial data fit 
the regression model very well.   
As presented in Table 4.3 and 4.4, when NDVI variables were included in the regression, 
the technology trend again lost its significance for both corn and soybean. Due to low degree of 
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freedom, several independent variables were statistically insignificant. Only the coefficient of 
 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑡 in corn model was significantly at 5% level. For soybean, 𝑀𝑎𝑦𝑡 coefficient 
was significant at 5% level and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑡 was significant at 10% level.  
 The estimated coefficients were coincidently smaller than that of panel models. 
Corn 𝑀𝑎𝑦𝑡, 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒.𝑡, and 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑡 estimated coefficients were down from 3.51 to 
1.34, 0.74 to 0.49, and 3.42 to 2.44 respectively. Similarly, soybean 𝑀𝑎𝑦𝑡, 𝑀𝑎𝑦 𝑡𝑜 𝐽𝑢𝑛𝑒.𝑡, and 
𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑡 estimated coefficients decreased from 0.77 to 0.63, 0.18 to 0.17, and 0.58 to 
0.32. Table 2.3 shows that the standard deviation in 𝑀𝑎𝑦 𝑡𝑜 𝐴𝑢𝑔.𝑡 was about 6.61 units and 
the standard deviation in 𝑀𝑎𝑦𝑡 was 3.42 units. Therefore, May to August NDVI change 
would be expected to affect corn yield the most by +/-16.13 bushels per acre and affect 
soybean yield by +/- 2.12 bushels per acre, although the magnitude of May NDVI would affect 
soybean yield the most by +/- 2.15 bushels per acre.  
 In short, the state level OLS regressions had improved R-squared values despite low 
degree of freedom. While the signs of all the estimated coefficients were still positive, the 
coefficients were coincidentally smaller compared to panel regressions. Again, the trend 
coefficients became insignificant in the NDVI model. The next sub-section set out to further 
examine this finding at the individual county level.   
 
4.4 Results of Individual County OLS 
 This part of the thesis investigates whether the technology trend’s significance disappeared 
due to the introduction of NDVI variables at each individual county level. We first used the 
trend variable to fit crop yield for each county and repeated the procedure by adding the three 
NDVI variables. Results of corn and soybean are presented in Table 4.5 and 4.6 separately.  
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The results were consistent with previous findings: trend variable lost explanatory power 
in the NDVI model. For corn, 51 of 102 counties initially had significant and positive trend 
coefficients. But in the NDVI model, only 5 counties’ trend coefficients were significant at 10% 
level. However, three of them were initially significant at 5% level, still indicating loss of 
explanatory power for the trend variable. Moreover, the other two counties’ trend coefficients 
were insignificant at first but became significant and negative. Otherwise stated, technology 
had negative impacts on the two counties’ corn yield during the sample period.     
In the case of soybean, 58 counties at first had statistically significant upward trend in 
yield. The addition of NDVI variables reduced the number of significant trend coefficients to 
10 counties, four of which even turned to have negative signs. Therefore, it can be argued that 
in the study period technological improvement should not be accounted for the upward trend in 
corn and soybean yields in Illinois. The finding here reconciles with and strengthened the 
conclusion of Tannura et al. (2008); that is the seemingly “high” yields since mid-1990s is a 
result of relatively benign weather for the development of crops. He also warned that 
predicting future crop yields based on rapid technological improvement could bring about 
bizarre numbers in years of unfavorable weather, which was realized in 2012.      
 In sum, OLS regressions of the linear trend and the NDVI model were conducted for each 
county in Illinois. Consistent with previous findings, the trend variable lost explanatory power 
in the NDVI model for a majority of the counties. Contrary to prevalent perceptions, findings 
here suggest that it is the favorable growing conditions for crops, presumably benign weather, 
played a more important role in explaining the variation of corn and soybean yields in Illinois. 
Despite the rapid increase in technology improvement, unfavorable weather such as heat wave, 
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drought, and flood, could result in unexpectedly low corn yields as was the case in 2012.   
 
4.5 Results of Modified Thompson Model  
 The modified Thompson model fit the yields data extremely well as indicated by the high 
R-squares—93.80% for corn and 89.00% for soybean. Otherwise stated, the temperature and 
precipitation variables included in the modified Thompson model explained approximately 90% 
of the variation in crop yields. This translated into standard errors of 10.93 and 2.59 bushels 
per acre for corn and soybean respectively. Regression F-statistics were significant at 1% level 
for both crops.  
 Corn and soybean yield estimates were generally close to actual ones with the exception of 
a few years as illustrated in Figure 4.7 and 4.8. Poorest yield estimates took place when insects 
and diseases drastically reduced yield such as the corn blight epidemic in 1970 (Ullstrup, 1972) 
and aphid infestation of soybean in 2003 (Cook & Estes, 2003). Furthermore, yield estimates 
were poor when unusual weather occurred. For instance, prolonged hot and dry growing season 
in 1988 and 2012 caused the model to overestimate corn and soybean yields by a large amount.     
Table 4.7 and 4.8 summarize the regression results for corn and soybean respectively. 
Interpreting the estimated coefficients can help examine how weather and technology affect 
corn and soybean yield potential. For the corn model, the trend variable to account for 
technological improvements was highly significant at 1% level. The trend coefficient was 1.62, 
meaning that corn yields were expected to increase 1.62 bushels per acre per year. The 
coefficient of pre-season precipitation was insignificant. The impact of May precipitation on 
yields was significant at 5% level and one-inch above average rainfall would be expected to 
reduce Illinois corn yields by 1.74 bushels per acre. Such relationship is sensible as wet soil 
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condition can delay planting and slow growth.    
 The impact of June and July precipitation on corn yields was highly significant at 1% level. 
The magnitude of July precipitation also had the largest influence on yield potential. The fact 
that the quadratics term of June and July Precipitation were also highly significant suggests 
that an ideal amount of precipitation exits. The impact of August precipitation on the other 
hand was insignificant. Moreover, July and August temperatures had statistically significant 
impact on corn yields. The coefficients indicate that 1°F increase above average temperature 
would reduce corn yields by 1.90 bushels per acre in July and 2.12 bushels per acre in August.  
The results here are consistent with what was found by Tannura et al. (2008). In short, dry 
weather in May allowed early planting and good seed development, but the impact of 
pre-season precipitation on corn yield was not evident. Moderately higher-than-average rainfall 
in June and July would likely result in better yields while warm weather in July and August 
reduced yields.      
 However, in the case of soybean, we were only able to find the trend variable, July 
precipitation, and August Temperature statistically significant. The point estimates of the trend 
variable showed that soybean yields were expected to increase 0.40 bushels per acre per year. 
Positive July Precipitation coefficient (5.11) suggests that ample rainfall in July would be 
favorable for soybean yield potential. The opposite was observed for August temperature; 1°F 
increase above average temperature would reduce soybean yield by 0.56 bushels per acre. In 
summary, abundant precipitation in July and cooler-than-average weather in August would be 
ideal for soybean yield potential.  
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4.6 Results of Crop Condition Ratings Model 
 The crop condition ratings model fit the yields data quite well as illustrated by Figure 4.9 
and 4.10. Predicted and actual yields overall lined up closely with the exception of a few 
observations, for instance corn in 1993, soybean in 2003, and 2012 for both crops. The 
R-square values for corn and soybean were 81% and 73%. This translated into standard errors 
of 9.27 and 2.70 bushels per acre for corn and soybean respectively. Regression F-statistics 
were significant at 1% level for both crops.  
 Both the trend variable and sum of the percentages of excellent and good rated crops are 
highly significant at 1% level. The regression results are presented in Table 4.9. The estimated 
coefficients of the trend variable can be interpreted such that corn and soybean yields increased 
on average 2.51 and 0.48 bushels per acre per year between 1986 and 2012. At the same time, 1% 
increase in the crop ratings defined in this model is expected to increase corn and soybean 
yields by 0.75 and 0.15 bushels per acre.  
The study sample included both 1988 and 2012, which witnessed two of the worst 
droughts in the Mid-West in half a century. By comparing the two years’ crop condition ratings 
and estimated trend coefficients, we can see why the model incurred quite large errors in 2012. 
Holding crop ratings constant, the trend effect alone would increase corn and soybean yields by 
60.24 and 11.52 bushels per acre respectively, resulting 2012 predicted corn and soybean yields 
at 130 and 39 bushels per acre. These values are already higher than the actual 2012 
yields—105 for corn and 37 for soybean. Therefore, the slightly higher crop condition ratings 
in 2012—5% and 16% up from 1988 levels—would further increase the errors. The findings 
here reaffirm that, although rapid advancement in seed genetics and biotechnology in recent 
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years empower crops to become more resistant to adverse growing conditions, using trend 
variable alone to forecast crop yields could reach utterly wrong conclusions when such events 
do occur.       
 
4.7 Summary 
 This chapter reviewed the estimation results of each model and further analyzed why 
estimates fell off by relatively large amount in several years. NDVI panel regressions suggest 
that greenness accumulation throughout the growing season had the most impact on corn and 
soybean yield potential. The state-level NDVI OLS regressions showed similar results for corn 
but early planting turned out to be slightly more pronounced in affecting soybean yield. 
Intriguingly, the trend variables in the NDVI models had no impact on crop yields anymore. 
Along with the unexpectedly low corn yield in 2012, this finding sheds some light on the 
argument that, despite rapid technological improvement since the 90s, unfavorable weather 
could still hit everyone by surprise and lead to poor agricultural production. Results of the 
modified Thompson model implied that ample rainfall in June/July and cooler weather in 
July/August were ideal for Illinois corn yield potential. Similarly, ample rainfall in July and 
cooler weather in August provided the best growing condition for soybean. The crop condition 
ratings model was highly significant, and the relationship between the crop yields and sum of 
the percentages of excellent and good ratings were validated. 
All models performed poorly in years of extreme weather condition and when other factors, 
such as insects and diseases, decimated crop production. To compare model performance in 
terms of forecasting accuracy, the competing models’ out-of-sample yield predictions will be 
assessed in the next chapter. 
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4.8 Tables 
 
Table 4.1. Coefficient Estimates of Fixed-effects Trend and NDVI County-level Panel 
Regression for Corn, 1989-2012  
 
Independent 
Variable 
Trend 
Regression 
NDVI 
Regression 
 
Coefficients 
 
(Robust Standard Error) 
Year 1.4775*** -0.2831* 
 
(0.0901) (0.1182) 
May 
 
3.5131*** 
  
(0.2065) 
May to June 
 
0.7384*** 
  
(0.0714) 
May to Aug. 
 
3.4186*** 
  
(0.1634) 
Constant -2817.7547*** 90.4552 
 
(180.1367) (210.7796) 
Groups 102 102 
Obs. 2420 2420 
R-squared 0.1544 0.4098 
F-stat 268.66*** 402.52*** 
(degree of 
freedom) 
2317 2314 
   
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.2. Coefficient Estimates of Fixed-effects Trend and NDVI County-level Panel 
Regression for Soybean, 1989-2012 
 
Independent 
Variable 
Trend 
Regression 
NDVI 
Regression 
 Coefficients 
(Robust Standard Errors)  
Year 0.3479*** 0.0389 
 (0.0172) (0.0244) 
May  0.7669*** 
  (0.0451) 
May to June  0.1754*** 
  (0.0180) 
May to Aug.  0.5863*** 
  (0.0304) 
Constant -653.5955*** -165.3524*** 
 (34.3830) (44.2589) 
Groups 102 102 
Obs. 2420 2420 
R-squared 0.1675 0.3055 
F-stat 409.09*** 315.90*** 
(degree of 
freedom) 
2317 2314 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.3. Coefficient Estimates of Trend and NDVI State-level OLS Regression for Corn, 
1989-2012 
 
Independent 
Variable 
Trend Regression NDVI Regression 
 
Coefficients 
(Standard Errors) 
Year 1.5843*** -0.0460 
 (0.5627) (0.9229) 
May  1.3414 
  (1.8415) 
May to June  0.4969 
  (0.8735) 
May to Aug.  2.4421** 
  (1.0864) 
Constant -3024.238** -34.1321 
 (1125.762) (1668.2947) 
Obs. 24 24 
R-squared 0.2649 0.4676 
F-stat 7.93** 4.17** 
(degree of freedom) 22 19 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.4. Coefficient Estimates of Trend and NDVI State-level OLS Regression for 
Soybean, 1989-2012 
 
Independent 
Variable 
Trend Regression NDVI Regression 
 
Coefficients 
(Standard Errors) 
Year 0.3446*** 0.1176 
 (0.087) (0.1503) 
May  0.6288** 
  (0.3000) 
May to June  0.1688 
  (0.1423) 
May to Aug.  0.3224* 
  (0.1770) 
Constant -645.6569*** -294.5026 
 (173.9127) (271.7600) 
Obs. 24 24 
R-squared 0.4166 0.5303 
F-stat 15.71*** 5.36*** 
(degree of freedom) 22 19 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.5. Individual County OLS Regression for Corn, 1989-2012 
Trend Only Regression 
 
se 
NDVI Model Regression 
 
Year se Constant Year se May se 
May to 
June 
se 
May to 
Aug. 
se Constant se 
(1) 1.205 (0.828) -2274.0 (1657.2) -1.528 (0.979) 9.168** (3.018) 1.943 (1.067) 6.375** (1.655) 1656.4 (1716.3) 
(2) 2.230** (0.709) -4331.3** (1418.5) 0.477 (0.590) 6.696*** (1.695) 2.651** (0.916) 4.477*** (0.943) -1939.2 (1122.7) 
(3) 0.558 (0.864) -997.4 (1727.8) -1.717 (0.894) 4.094 (2.127) 0.0194 (0.949) 4.739*** (1.140) 2839.7 (1720.0) 
(4) 2.761*** (0.640) -5378.1*** (1280.1) 0.884 (0.855) 3.742* (1.777) 1.352 (0.823) 3.035* (1.395) -2272.5 (1535.3) 
(5) 0.816 (0.647) -1498.6 (1295.3) -0.825 (0.697) 6.044* (2.290) 2.360* (0.916) 3.761** (1.294) 759.3 (1235.4) 
(6) 2.395*** (0.510) -4635.0*** (1020.0) 1.294 (0.875) 2.151 (2.186) 0.0640 (0.513) 2.262 (1.435) -2821.6 (1569.7) 
(7) 1.533* (0.620) -2931.6* (1240.3) 0.491 (0.750) 4.621 (2.680) 1.443 (0.976) 3.109 (1.720) -1622.0 (1354.3) 
(8) 2.853*** (0.406) -5548.5*** (812.4) 1.691* (0.692) 1.553 (1.588) 0.408 (0.422) 1.714 (1.082) -3510.2* (1283.7) 
(9) 1.398* (0.651) -2642.4 (1301.4) -0.0225 (0.818) 4.374 (2.308) 1.627 (0.851) 2.597 (1.369) -537.8 (1463.0) 
(10) 1.811* (0.714) -3469.8* (1427.5) -0.300 (0.848) 3.326 (1.592) 0.636 (0.619) 3.860** (1.084) 135.8 (1537.5) 
(11) 1.042 (0.582) -1922.8 (1164.4) -0.483 (0.839) 2.955 (1.774) 1.108 (0.586) 2.525* (1.159) 603.7 (1486.6) 
(12) 0.350 (0.824) -562.1 (1648.6) -1.596 (0.965) 3.905 (1.934) -0.0399 (0.847) 4.180** (1.173) 2641.3 (1817.4) 
(13) 2.429*** (0.613) -4745.9*** (1226.5) 0.558 (1.130) 2.048 (1.757) 0.337 (0.837) 2.481 (1.277) -1363.8 (2107.4) 
(14) 1.136 (0.861) -2151.2 (1721.9) -0.571 (0.748) 5.127** (1.780) 0.665 (0.765) 4.836*** (1.046) 392.6 (1474.1) 
(15) 0.672 (0.671) -1191.5 (1342.9) -1.467 (0.783) 3.629* (1.628) 0.766 (0.622) 3.473** (0.969) 2448.8 (1455.0) 
(16) 2.167** (0.677) -4211.2** (1353.2) 2.259* (0.866) -5.006 (5.123) -4.174 (2.120) -0.547 (2.971) -3588.6* (1417.2) 
(17) 0.584 (0.872) -1042.0 (1744.6) -1.718 (0.918) 3.919* (1.773) 0.241 (0.809) 4.485*** (1.046) 2866.3 (1714.4) 
(18) 0.490 (0.906) -845.0 (1812.6) -2.739* (1.308) 4.470* (2.098) 0.432 (1.065) 5.256** (1.461) 4809.7 (2445.2) 
(19) 1.629** (0.511) -3101.7** (1022.5) 0.0459 (0.757) 2.200 (1.405) 0.299 (0.536) 2.606* (1.021) -343.4 (1352.9) 
(20) 2.310*** (0.460) -4464.4*** (920.0) 0.984 (0.692) 3.248* (1.434) 0.284 (0.432) 2.537* (1.157) -2364.7 (1243.5) 
(21) 1.417* (0.676) -2687.1 (1351.4) -0.563 (0.710) 4.282** (1.354) 0.797 (0.613) 3.805*** (0.860) 530.3 (1306.2) 
(22) 1.451 (0.795) -2771.4 (1589.0) 1.705 (1.406) -1.392 (5.085) -1.735 (2.053) 0.158 (2.843) -3055.7 (2243.7) 
(23) 0.917 (0.620) -1685.2 (1239.5) -0.337 (0.691) 3.776* (1.540) 0.232 (0.553) 2.837** (0.856) 190.9 (1305.6) 
(24) 0.524 (0.833) -929.4 (1667.0) -1.815 (1.159) 3.385 (1.731) 0.472 (0.916) 3.752* (1.315) 3163.3 (2183.0) 
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Table 4.5 (cont.). 
(25) 1.252 (0.852) -2377.6 (1704.6) -1.498 (1.088) 3.300 (2.114) 0.121 (0.933) 4.582** (1.302) 2526.5 (2030.2) 
(26) 0.802 (0.876) -1483.3 (1752.8) -1.926 (1.150) 2.866 (2.454) -0.349 (1.156) 4.578** (1.426) 3451.3 (2153.5) 
(27) 1.301 (0.882) -2460.0 (1764.2) -1.265 (0.855) 5.193** (1.611) 0.828 (0.646) 4.837*** (1.058) 1755.9 (1570.0) 
(28) 0.246 (0.882) -386.8 (1764.8) -1.629 (0.963) 3.813 (1.952) 0.733 (1.181) 4.666** (1.404) 2706.4 (1761.8) 
(29) 2.172** (0.679) -4200.7** (1357.4) 0.170 (1.008) 4.597 (2.533) 1.453 (0.910) 3.103 (1.489) -976.5 (1740.0) 
(30) 0.608 (0.707) -1083.2 (1414.4) -0.394 (0.974) -0.207 (2.399) 0.584 (0.792) 1.182 (1.334) 917.8 (1767.6) 
(31) 1.531* (0.672) -2922.6* (1344.3) -0.182 (1.048) 3.521 (2.400) 0.640 (0.830) 2.824* (1.272) -95.79 (1885.8) 
(32) 1.386 (0.779) -2626.1 (1558.1) -0.703 (0.950) 4.171 (2.164) 0.706 (0.698) 4.019** (1.400) 813.9 (1690.3) 
(33) 0.474 (0.910) -831.2 (1819.9) -1.228 (0.935) 1.190 (2.479) -0.241 (1.265) 3.509** (1.119) 2335.6 (1746.7) 
(34) 2.492** (0.795) -4842.9** (1591.0) 0.0971 (1.054) 4.051 (2.811) 1.121 (0.844) 4.095* (1.734) -774.1 (1856.2) 
(35) -0.883 (0.938) 1871.1 (1875.1) -0.460 (1.219) 5.399 (3.538) 3.954 (2.443) 2.259 (1.814) 127.6 (2541.4) 
(36) 2.560*** (0.572) -4969.4*** (1143.9) 1.763 (0.930) 2.665 (2.699) 0.395 (0.651) 1.581 (1.645) -3814.4* (1576.4) 
(37) 2.840*** (0.638) -5533.4*** (1277.0) 0.367 (0.979) 5.043* (2.004) -0.0347 (0.626) 4.562** (1.239) -1459.7 (1783.5) 
(38) 1.843* (0.716) -3540.2* (1432.8) -0.422 (0.770) 3.518* (1.424) 0.415 (0.554) 4.042*** (1.011) 342.4 (1402.4) 
(39) 1.204 (0.864) -2296.4 (1728.6) -0.556 (0.875) 5.434 (2.597) 1.792 (1.347) 4.592** (1.425) 306.3 (1642.0) 
(40) 0.873 (0.958) -1622.3 (1917.3) -2.644* (1.077) 4.564* (1.827) 0.791 (0.888) 5.440*** (1.130) 4597.2* (2013.0) 
(41) 1.407* (0.665) -2706.9 (1330.8) -0.237 (0.855) 2.221 (1.822) 0.675 (1.182) 3.227* (1.189) 194.6 (1596.7) 
(42) 0.945 (0.680) -1749.5 (1360.1) -0.571 (0.928) 2.797 (2.160) 0.735 (0.749) 2.636 (1.260) 796.9 (1784.1) 
(43) 2.694** (0.747) -5248.0** (1494.5) 0.670 (0.890) 0.977 (2.264) -0.400 (1.126) 2.842* (1.259) -1402.1 (1818.6) 
(44) 2.040** (0.603) -3968.8** (1205.4) 1.263 (0.860) 2.036 (2.035) 1.034 (1.252) 2.129 (1.314) -2758.8 (1513.8) 
(45) 2.346** (0.692) -4545.1** (1384.2) 0.183 (0.774) 7.486** (2.031) 0.610 (0.790) 6.811*** (1.505) -1493.8 (1326.0) 
(46) 1.976** (0.643) -3812.6** (1286.5) -0.252 (0.688) 4.972** (1.408) 0.647 (0.565) 4.669*** (0.957) -221.5 (1231.5) 
(47) 1.374 (0.756) -2603.2 (1512.1) -0.760 (1.116) 6.503* (2.749) 0.313 (0.881) 5.534* (2.302) 556.8 (1919.3) 
(48) 2.870*** (0.634) -5586.4*** (1268.4) 0.842 (1.070) 3.668 (2.839) 0.607 (0.754) 3.168 (1.564) -2171.8 (1874.2) 
(49) 2.479** (0.663) -4809.2** (1325.8) 0.261 (0.840) 3.396 (1.955) 0.338 (0.527) 3.741** (1.241) -990.0 (1511.4) 
(50) 1.690* (0.746) -3267.8* (1491.7) 0.0755 (1.209) 6.202 (3.904) 1.848 (2.278) 2.761 (2.880) -1041.8 (2021.8) 
(51) 1.907** (0.551) -3687.1** (1101.0) 1.209 (0.980) 1.838 (1.521) 1.088 (0.632) 0.651 (1.205) -2586.2 (1776.9) 
(52) 2.498*** (0.608) -4846.6*** (1215.8) 0.715 (0.804) 3.408 (1.852) -0.125 (0.487) 3.709** (1.185) -1893.9 (1474.7) 
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Table 4.5 (cont.). 
(53) 1.078 (0.723) -2007.1 (1446.8) -1.125 (0.878) 5.476** (1.684) 0.962 (0.673) 4.539** (1.255) 1451.0 (1598.2) 
(54) 0.903 (0.704) -1647.4 (1408.6) -0.618 (1.044) 2.838 (2.238) 0.782 (0.740) 2.830 (1.421) 878.0 (1841.6) 
(55) 0.782 (0.687) -1402.1 (1373.9) -1.525 (0.754) 4.350** (1.473) 0.934 (0.697) 4.119*** (0.993) 2445.3 (1380.2) 
(56) 0.312 (0.653) -479.7 (1306.4) -1.426 (0.832) 2.860 (2.048) 1.214 (0.638) 2.588* (1.113) 2495.1 (1539.4) 
(57) 0.601 (0.780) -1073.1 (1561.1) -0.862 (0.763) 3.873 (2.171) 0.373 (0.938) 4.435** (1.192) 1187.4 (1444.0) 
(58) 1.168 (0.885) -2222.5 (1770.9) -0.963 (0.724) 2.888 (2.180) -0.568 (1.037) 5.146*** (0.982) 1510.7 (1350.1) 
(59) 1.981** (0.556) -3809.2** (1112.4) 0.270 (0.987) 2.302 (2.153) 0.687 (0.566) 2.367 (1.357) -810.4 (1775.7) 
(60) 1.552* (0.663) -2963.1* (1327.2) -0.360 (0.900) 2.963 (2.243) 1.557 (0.819) 2.516 (1.511) 337.2 (1607.6) 
(61) 1.668* (0.640) -3217.7* (1280.7) 0.623 (0.666) 0.895 (1.809) 1.111 (0.898) 1.866* (0.851) -1294.0 (1160.2) 
(62) 2.669** (0.735) -5183.7** (1469.4) -0.306 (0.971) 5.458* (2.544) 1.647* (0.729) 4.216** (1.433) -180.7 (1718.0) 
(63) 1.615* (0.576) -3091.5* (1153.2) -0.213 (0.797) 5.622* (1.989) 1.231 (0.919) 4.293* (1.749) -381.3 (1354.6) 
(64) 1.128 (0.603) -2097.8 (1205.5) -0.935 (0.933) 4.223* (1.869) 0.994 (0.648) 3.643* (1.392) 1283.9 (1651.2) 
(65) 1.280 (0.769) -2406.2 (1537.7) -0.457 (0.983) 3.002 (2.416) 1.527 (0.922) 3.175 (1.523) 509.0 (1760.8) 
(66) 3.083*** (0.575) -6017.2*** (1149.5) 1.315 (1.038) 2.283 (2.258) 0.773 (0.614) 2.225 (1.519) -2892.3 (1865.0) 
(67) 0.684 (0.781) -1244.3 (1563.0) -0.687 (0.990) 3.697 (2.819) 1.602 (1.317) 2.895 (1.637) 880.2 (1756.4) 
(68) 0.341 (0.751) -537.0 (1502.4) -1.643 (0.959) 2.721 (2.075) 0.678 (0.711) 3.364* (1.294) 2934.3 (1774.1) 
(69) 1.199 (0.669) -2241.4 (1339.2) -0.466 (0.857) 3.187 (2.140) 1.470 (0.837) 2.724* (1.128) 523.3 (1537.7) 
(70) 0.971 (0.628) -1784.0 (1255.6) -0.922 (0.701) 3.632** (1.268) 0.857 (0.547) 3.581*** (0.906) 1356.1 (1288.3) 
(71) 2.173*** (0.460) -4192.6*** (920.3) 1.172 (0.679) 2.240 (1.644) 0.454 (0.486) 1.617 (1.003) -2570.8 (1246.9) 
(72) 3.053*** (0.664) -5956.8*** (1327.7) 1.730 (1.100) 1.206 (2.993) 1.043 (0.757) 1.400 (1.862) -3539.0 (1872.5) 
(73) 0.358 (0.883) -617.7 (1766.1) -1.306 (0.766) 4.698* (1.924) 1.181 (1.151) 4.847*** (1.105) 1915.9 (1413.3) 
(74) 1.160 (0.635) -2160.6 (1269.8) -1.187 (0.745) 3.463* (1.294) 1.338* (0.524) 3.364** (0.980) 1900.3 (1360.5) 
(75) 1.389 (0.739) -2639.4 (1477.9) -0.660 (0.865) 3.188 (2.946) 1.164 (0.935) 3.434 (1.706) 893.9 (1608.4) 
(76) 0.667 (0.969) -1236.1 (1935.9) -1.078 (1.132) 3.341 (2.743) 2.555 (1.454) 2.406 (1.447) 1689.8 (2102.7) 
(77) 1.116 (0.724) -2108.8 (1447.9) -0.696 (0.910) 3.929 (2.213) 0.211 (1.033) 3.986** (1.234) 840.1 (1605.7) 
(78) 2.867*** (0.552) -5579.1*** (1104.0) 2.296* (0.806) -0.704 (2.139) 0.967 (0.669) -0.101 (1.364) -4344.2** (1409.2) 
(79) 1.150 (0.817) -2194.5 (1633.9) -0.829 (0.961) 5.184 (2.803) 1.262 (1.339) 4.482** (1.509) 893.5 (1757.7) 
(80) 0.533 (0.796) -954.6 (1593.1) -1.477 (0.869) 4.009* (1.514) 0.619 (0.763) 3.941** (1.060) 2374.5 (1627.2) 
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Note: standard errors are in parenthesis; one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, respectively.  
 
 
 
 
Table 4.5 (cont.). 
(81) 3.345*** (0.612) -6541.0*** (1224.9) 1.488 (0.807) 4.510 (2.588) 1.105 (0.871) 4.405* (1.681) -3614.8* (1344.6) 
(82) 0.506 (0.900) -893.3 (1799.6) -0.547 (0.968) 1.589 (2.517) 0.552 (1.153) 3.003* (1.311) 919.3 (1704.5) 
(83) 1.222* (0.572) -2282.2 (1144.9) 0.174 (0.772) 1.737 (1.977) 1.350 (0.691) 1.836 (1.304) -517.0 (1345.6) 
(84) 0.827 (0.755) -1511.3 (1511.2) -0.981 (1.082) 4.942 (3.076) 1.567 (1.247) 3.632 (1.814) 1257.8 (1846.3) 
(85) 1.122 (0.615) -2097.7 (1230.7) -0.780 (0.783) 4.720* (2.080) 1.761* (0.729) 2.926* (1.105) 911.8 (1379.8) 
(86) 0.819 (0.783) -1496.2 (1566.9) -1.951 (1.003) 3.060 (1.751) 0.780 (0.777) 3.574** (1.035) 3493.9 (1911.2) 
(87) 0.392 (0.728) -655.3 (1456.0) -0.746 (0.678) 4.606* (2.083) 0.733 (0.889) 4.293** (1.200) 841.6 (1233.3) 
(88) 2.256*** (0.574) -4356.5** (1149.0) 0.520 (0.998) 1.925 (2.124) 0.522 (0.551) 2.421 (1.433) -1257.2 (1772.1) 
(89) 2.129** (0.608) -4110.7** (1216.1) 0.742 (0.926) 2.059 (1.720) 0.333 (0.759) 2.483 (1.244) -1716.4 (1807.7) 
(90) 2.353** (0.715) -4552.3** (1430.2) 0.631 (0.937) 1.690 (2.361) 1.317 (0.759) 2.423 (1.609) -1445.9 (1618.9) 
(91) 0.907 (0.747) -1697.0 (1493.9) -0.921 (0.674) 3.056 (2.131) 0.369 (1.311) 4.194*** (1.024) 1433.7 (1289.0) 
(92) 1.662* (0.691) -3177.9* (1383.0) 0.0254 (0.908) 1.684 (1.912) 0.0751 (0.693) 2.592* (1.154) -232.3 (1661.9) 
(93) 0.332 (0.742) -537.1 (1484.7) -1.471 (1.009) 3.800* (1.688) 0.839 (0.704) 3.338* (1.342) 2418.2 (1870.4) 
(94) 3.290*** (0.661) -6423.7*** (1321.5) 1.255 (0.976) 2.642 (2.214) 0.871 (0.624) 2.526 (1.378) -2832.7 (1759.1) 
(95) 1.101 (0.949) -2090.1 (1898.1) -0.769 (0.692) 2.922 (1.773) -0.245 (0.925) 4.636*** (0.795) 1122.9 (1357.7) 
(96) 1.028 (0.805) -1942.5 (1610.4) -1.059 (0.894) 3.028 (1.771) 0.558 (0.923) 4.127** (1.148) 1699.6 (1669.3) 
(97) 1.038 (0.749) -1949.1 (1499.1) 0.162 (1.095) 0.323 (2.213) -0.114 (0.868) 1.661 (1.416) -281.1 (2032.1) 
(98) 2.743*** (0.642) -5341.6*** (1283.5) 0.254 (0.761) 4.189* (1.937) 0.523 (0.528) 4.198** (1.131) -1110.2 (1349.2) 
(99) 2.030** (0.685) -3923.3** (1369.8) 0.840 (0.901) 3.354 (2.875) 0.0487 (1.139) 4.427* (1.897) -2138.2 (1480.3) 
(100) 1.045 (0.879) -1986.1 (1757.7) -0.305 (1.021) 5.250 (2.809) 2.411 (1.841) 4.387* (1.769) -161.2 (1824.0) 
(101) 1.663* (0.592) -3187.7* (1184.4) 0.210 (0.821) 5.272* (2.236) 0.904 (0.803) 3.756 (1.931) -1163.4 (1391.9) 
(102) 1.904* (0.749) -3651.2* (1499.3) -0.0334 (1.087) 1.835 (2.584) 0.772 (0.781) 2.830 (1.538) -152.0 (1981.2) 
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Table 4.6. Individual County OLS Regression for Soybean, 1989-2012 
 
Trend Only Regression  NDVI Model Regression 
 Year  Constant Year  May  May to June  May to Aug.  Constant  
(1) 0.432** (0.144) -823.2** (288.0) 0.189 (0.205) 1.044 (0.632) 0.0619 (0.223) 0.747* (0.346) -509.8 (359.2) 
(2) 0.684*** (0.171) -1332.3*** (342.4) 0.408 (0.212) 0.933 (0.610) 0.0842 (0.330) 0.739* (0.339) -936.4* (404.1) 
(3) 0.385* (0.179) -733.5 (359.0) 0.0242 (0.218) 1.031 (0.519) 0.216 (0.232) 0.752* (0.278) -184.8 (420.0) 
(4) 0.390 (0.231) -736.8 (461.6) -0.200 (0.303) 1.787* (0.629) 0.402 (0.291) 0.924 (0.494) 154.8 (543.4) 
(5) 0.0802 (0.123) -119.3 (245.5) -0.00225 (0.163) 0.762 (0.536) 0.188 (0.214) 0.308 (0.303) -78.93 (288.9) 
(6) 0.417** (0.116) -786.1** (232.1) 0.418* (0.197) 0.665 (0.493) -0.0277 (0.116) 0.172 (0.324) -885.8* (354.0) 
(7) 0.321** (0.0936) -600.6** (187.2) 0.287* (0.124) 0.465 (0.442) 0.0912 (0.161) 0.213 (0.284) -608.6* (223.5) 
(8) 0.393* (0.178) -734.4 (355.1) 0.344 (0.311) 1.097 (0.713) 0.0855 (0.190) 0.396 (0.486) -807.5 (576.7) 
(9) 0.311** (0.105) -577.0* (209.5) 0.200 (0.140) 0.752 (0.395) 0.00721 (0.146) 0.403 (0.234) -476.7 (250.4) 
(10) 0.454** (0.134) -860.6** (267.2) 0.221 (0.198) 0.537 (0.372) 0.0146 (0.145) 0.459 (0.253) -484.3 (359.2) 
(11) 0.551*** (0.0926) -1053.3*** (185.3) 0.557*** (0.131) 0.0288 (0.277) 0.116 (0.0915) -0.235 (0.181) -1064.2*** (231.9) 
(12) 0.473** (0.132) -903.4** (264.9) 0.253 (0.169) 0.874* (0.338) 0.0954 (0.148) 0.521* (0.205) -608.0 (317.8) 
(13) 0.641** (0.196) -1247.9** (392.5) -0.0498 (0.335) 1.179* (0.521) 0.160 (0.248) 0.983* (0.379) -64.71 (625.1) 
(14) 0.331 (0.177) -625.4 (354.8) 0.0340 (0.161) 1.353** (0.383) 0.323 (0.165) 0.855** (0.225) -254.1 (317.0) 
(15) 0.304 (0.155) -562.7 (309.7) -0.0355 (0.193) 0.563 (0.400) 0.498** (0.153) 0.239 (0.238) 22.24 (357.9) 
(16) 0.533* (0.229) -1029.0* (457.2) 0.196 (0.277) 0.968 (1.639) -0.661 (0.678) 0.798 (0.951) -509.2 (453.5) 
(17) 0.388* (0.141) -737.4* (281.7) 0.00695 (0.159) 0.906** (0.306) 0.176 (0.140) 0.686** (0.181) -127.2 (296.3) 
(18) 0.486*** (0.127) -929.4** (254.2) 0.101 (0.201) 0.724* (0.322) 0.427* (0.164) 0.392 (0.224) -280.3 (375.6) 
(19) 0.485*** (0.106) -921.9*** (212.7) 0.412* (0.166) 0.310 (0.308) 0.227 (0.118) -0.0519 (0.224) -819.3* (296.9) 
(20) 0.297 (0.165) -545.7 (330.9) 0.102 (0.249) 0.873 (0.517) 0.141 (0.156) 0.245 (0.417) -287.4 (448.4) 
(21) 0.410** (0.121) -772.0** (243.0) 0.171 (0.156) 0.682* (0.298) 0.0471 (0.135) 0.514* (0.189) -407.6 (287.0) 
(22) 0.464 (0.269) -888.3 (537.7) 0.102 (0.461) 1.345 (1.669) -0.0187 (0.674) 0.738 (0.933) -377.9 (736.4) 
(23) 0.320* (0.130) -593.1* (260.5) 0.109 (0.151) 0.846* (0.336) 0.0228 (0.121) 0.553** (0.187) -309.5 (284.9) 
(24) 0.289 (0.166) -539.0 (332.3) -0.237 (0.216) 0.538 (0.323) 0.421* (0.171) 0.630* (0.245) 417.8 (407.3) 
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Table 4.6 (cont.). 
(25) 0.500*** (0.117) -961.1*** (234.1) 0.0938 (0.153) 0.732* (0.298) 0.331* (0.132) 0.529** (0.183) -271.7 (286.2) 
(26) 0.404* (0.145) -772.9* (290.1) -0.00215 (0.209) 0.817 (0.445) 0.252 (0.210) 0.617* (0.259) -96.98 (390.5) 
(27) 0.177 (0.183) -309.5 (365.6) -0.249 (0.218) 0.896* (0.411) 0.159 (0.165) 0.790** (0.270) 386.5 (400.8) 
(28) 0.187 (0.217) -340.9 (434.9) -0.299 (0.197) 1.352** (0.399) 0.787** (0.242) 0.931** (0.287) 408.3 (360.2) 
(29) 0.271* (0.101) -498.4* (201.1) 0.0132 (0.158) 0.807 (0.398) 0.189 (0.143) 0.420 (0.234) -116.0 (273.5) 
(30) 0.356 (0.188) -673.6 (376.3) 0.158 (0.265) -0.219 (0.653) 0.119 (0.216) 0.192 (0.363) -249.8 (481.4) 
(31) 0.479** (0.131) -915.0** (261.7) 0.318 (0.209) 0.683 (0.479) -0.0342 (0.166) 0.433 (0.254) -703.2 (376.6) 
(32) 0.173 (0.142) -302.2 (283.4) -0.216 (0.178) 1.009* (0.406) 0.0742 (0.131) 0.817** (0.263) 305.2 (317.4) 
(33) 0.182 (0.202) -329.2 (403.3) -0.200 (0.195) 0.672 (0.518) 0.459 (0.264) 0.672** (0.234) 320.8 (365.2) 
(34) 0.348 (0.219) -654.0 (438.7) -0.274 (0.307) 1.131 (0.819) 0.350 (0.246) 1.045 (0.506) 392.3 (541.1) 
(35) 0.421 (0.281) -806.6 (561.3) 0.355 (0.392) 0.187 (1.138) 0.106 (0.786) 0.352 (0.583) -706.4 (817.4) 
(36) 0.320* (0.122) -593.2* (244.5) 0.210 (0.200) 0.522 (0.580) -0.0546 (0.140) 0.296 (0.353) -456.6 (338.5) 
(37) 0.421* (0.178) -794.6* (355.4) 0.0384 (0.310) 1.358* (0.634) -0.132 (0.198) 0.924* (0.392) -251.5 (564.3) 
(38) 0.209 (0.189) -374.4 (377.7) -0.311 (0.236) 0.977* (0.435) 0.0723 (0.169) 0.991** (0.309) 492.8 (429.0) 
(39) 0.461** (0.127) -887.2** (254.6) 0.178 (0.116) 1.075** (0.345) 0.407* (0.179) 0.743*** (0.189) -499.2* (218.0) 
(40) 0.246 (0.171) -452.7 (342.8) -0.515* (0.198) 1.040** (0.335) 0.487** (0.163) 0.942*** (0.207) 889.5* (369.4) 
(41) 0.144 (0.201) -255.1 (402.4) -0.597** (0.182) 1.511** (0.388) 0.583* (0.251) 1.294*** (0.253) 973.2* (339.6) 
(42) 0.257 (0.133) -470.1 (266.7) 0.231 (0.194) 0.603 (0.451) 0.207 (0.156) 0.150 (0.263) -514.2 (372.4) 
(43) 0.467 (0.271) -886.9 (542.1) -0.0631 (0.342) 1.212 (0.870) -0.203 (0.433) 1.264* (0.484) -37.83 (698.6) 
(44) 0.282 (0.153) -529.4 (305.0) 0.168 (0.196) -0.215 (0.465) -0.423 (0.286) 0.538 (0.300) -266.3 (345.7) 
(45) 0.461* (0.186) -877.9* (372.8) -0.104 (0.220) 2.219** (0.578) -0.0606 (0.225) 1.643** (0.429) -114.6 (377.6) 
(46) 0.342* (0.130) -641.0* (259.7) -0.0211 (0.168) 1.022** (0.343) 0.0891 (0.138) 0.758** (0.233) -85.25 (300.3) 
(47) 0.160 (0.169) -273.8 (337.6) -0.135 (0.199) 1.524** (0.491) 0.0344 (0.157) 0.568 (0.411) 81.77 (342.8) 
(48) 0.511** (0.139) -974.0** (277.2) 0.290 (0.242) 1.244 (0.642) 0.0461 (0.171) 0.558 (0.354) -729.0 (424.2) 
(49) 0.509* (0.181) -972.1* (361.6) 0.0717 (0.257) 1.039 (0.598) -0.0964 (0.161) 0.948* (0.379) -276.3 (462.3) 
(50) 0.0805 (0.237) -128.3 (474.7) -0.310 (0.374) 1.531 (1.208) -0.0136 (0.705) 0.821 (0.891) 406.2 (625.4) 
(51) 0.389** (0.132) -738.8* (263.4) 0.146 (0.193) 0.367 (0.300) 0.420** (0.124) 0.240 (0.237) -315.1 (349.9) 
(52) 0.355 (0.181) -663.9 (361.3) -0.125 (0.249) 1.441* (0.573) -0.0567 (0.151) 1.096** (0.367) 54.91 (456.5) 
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Table 4.6 (cont.). 
(53) 0.235 (0.150) -423.7 (299.6) 0.0512 (0.197) 1.017* (0.377) 0.0393 (0.151) 0.404 (0.281) -210.9 (358.1) 
(54) 0.260* (0.0931) -471.4* (186.2) 0.0406 (0.129) 0.798** (0.277) 0.00354 (0.0914) 0.403* (0.176) -157.4 (227.6) 
(55) 0.397** (0.121) -744.8** (241.2) 0.0652 (0.158) 0.837* (0.308) 0.226 (0.146) 0.529* (0.208) -221.2 (288.9) 
(56) 0.361* (0.146) -679.6* (292.2) 0.313 (0.222) 0.0610 (0.546) 0.111 (0.170) -0.0198 (0.297) -592.6 (410.5) 
(57) 0.364* (0.165) -689.6* (330.2) 0.188 (0.199) 0.726 (0.567) 0.122 (0.245) 0.541 (0.311) -458.2 (377.1) 
(58) 0.336 (0.193) -636.8 (386.6) -0.140 (0.164) 1.420** (0.494) 0.492* (0.235) 1.031*** (0.222) 78.15 (305.8) 
(59) 0.299* (0.129) -551.5* (258.4) -0.0344 (0.192) 1.506** (0.418) 0.0334 (0.110) 0.828** (0.263) -126.7 (344.7) 
(60) 0.362* (0.142) -681.4* (283.4) 0.138 (0.210) 0.614 (0.523) -0.0479 (0.191) 0.647 (0.352) -341.2 (374.8) 
(61) 0.307 (0.232) -578.5 (464.7) 0.222 (0.281) -0.900 (0.764) -0.349 (0.379) 0.291 (0.359) -269.1 (490.1) 
(62) 0.449* (0.177) -852.0* (355.0) -0.0169 (0.285) 0.985 (0.748) 0.185 (0.214) 0.762 (0.421) -88.93 (504.8) 
(63) 0.190 (0.191) -338.1 (381.4) -0.450 (0.258) 2.127** (0.644) 0.264 (0.297) 1.223* (0.566) 594.9 (438.2) 
(64) 0.370** (0.110) -689.8** (219.3) 0.258 (0.177) 0.625 (0.356) -0.0241 (0.123) 0.232 (0.265) -559.6 (314.0) 
(65) 0.216 (0.111) -385.5 (221.8) 0.110 (0.161) 0.590 (0.396) 0.0225 (0.151) 0.275 (0.250) -266.9 (288.6) 
(66) 0.421** (0.132) -794.1** (264.9) 0.117 (0.243) 0.891 (0.528) 0.186 (0.144) 0.453 (0.355) -332.5 (436.0) 
(67) 0.247 (0.162) -457.0 (323.5) -0.0839 (0.197) 0.954 (0.561) 0.333 (0.262) 0.750* (0.326) 45.90 (349.4) 
(68) 0.255 (0.126) -467.5 (251.4) 0.0394 (0.181) 0.296 (0.391) 0.127 (0.134) 0.320 (0.244) -90.06 (334.4) 
(69) 0.360*** (0.0949) -672.9** (189.8) 0.162 (0.119) 0.810* (0.297) 0.0241 (0.116) 0.512** (0.156) -409.3 (213.0) 
(70) 0.391** (0.114) -734.2** (227.7) 0.0189 (0.121) 0.951*** (0.219) 0.233* (0.0944) 0.608*** (0.156) -148.0 (222.2) 
(71) 0.343 (0.194) -638.7 (388.0) 0.0538 (0.278) 1.481* (0.673) 0.154 (0.199) 0.620 (0.410) -293.8 (510.4) 
(72) 0.572*** (0.145) -1098.1** (290.0) 0.292 (0.263) 0.927 (0.717) 0.0694 (0.181) 0.576 (0.446) -689.1 (448.6) 
(73) 0.271 (0.250) -508.8 (499.4) -0.148 (0.221) 1.507* (0.555) 0.693 (0.332) 1.104** (0.319) 80.37 (407.5) 
(74) 0.323* (0.130) -596.9* (260.3) 0.119 (0.206) 0.348 (0.358) 0.113 (0.145) 0.304 (0.271) -250.8 (376.1) 
(75) 0.635** (0.172) -1227.1** (344.6) 0.509* (0.243) 0.0730 (0.827) -0.199 (0.262) 0.383 (0.479) -992.6* (451.3) 
(76) 0.481 (0.286) -930.1 (570.9) 0.162 (0.419) 0.483 (1.015) -0.0863 (0.538) 0.539 (0.535) -374.7 (777.8) 
(77) 0.453** (0.157) -868.2* (314.6) 0.250 (0.230) 0.345 (0.560) 0.175 (0.261) 0.376 (0.312) -524.2 (406.0) 
(78) 0.175 (0.210) -304.2 (420.7) -0.190 (0.322) 0.830 (0.856) 0.0495 (0.268) 0.816 (0.546) 281.4 (563.6) 
(79) 0.349* (0.136) -664.1* (271.8) 0.00479 (0.155) 1.220* (0.451) 0.300 (0.215) 0.768** (0.243) -177.1 (282.7) 
(80) 0.0640 (0.185) -91.36 (370.9) -0.432* (0.196) 0.991** (0.342) 0.539** (0.172) 0.727** (0.239) 734.6 (367.0) 
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Table 4.6 (cont.). 
(81) 0.377* (0.157) -707.1* (314.8) -0.169 (0.201) 1.806* (0.646) 0.0412 (0.217) 1.545** (0.419) 78.37 (335.6) 
(82) 0.161 (0.207) -285.0 (413.3) -0.0787 (0.202) 0.413 (0.525) 0.345 (0.240) 0.603* (0.273) 119.5 (355.3) 
(83) 0.394*** (0.0867) -739.4*** (173.5) 0.301* (0.129) 0.173 (0.329) 0.0823 (0.115) 0.228 (0.217) -587.6* (224.1) 
(84) 0.130 (0.119) -217.3 (238.7) -0.0648 (0.184) 0.713 (0.524) 0.0940 (0.212) 0.491 (0.309) 51.83 (314.7) 
(85) 0.462** (0.123) -879.2** (246.9) 0.247 (0.177) 0.963 (0.471) 0.0519 (0.165) 0.501 (0.250) -605.9 (312.5) 
(86) 0.497*** (0.117) -952.1*** (233.1) 0.192 (0.166) 0.655* (0.290) 0.260 (0.129) 0.355 (0.171) -450.6 (316.3) 
(87) 0.152 (0.172) -264.9 (344.6) -0.119 (0.152) 1.214* (0.467) 0.455* (0.199) 0.823** (0.269) 75.72 (276.5) 
(88) 0.315* (0.129) -579.7* (258.1) 0.126 (0.244) 0.721 (0.519) 0.0397 (0.135) 0.406 (0.350) -319.1 (433.2) 
(89) 0.255 (0.195) -463.3 (389.4) 0.0381 (0.287) 1.274* (0.534) 0.204 (0.235) 0.610 (0.386) -235.7 (560.9) 
(90) 0.549*** (0.128) -1048.4*** (256.6) 0.435* (0.206) 0.336 (0.520) -0.165 (0.167) 0.426 (0.354) -880.2* (356.7) 
(91) 0.382* (0.161) -728.1* (321.8) 0.192 (0.202) 0.437 (0.639) 0.169 (0.393) 0.460 (0.307) -422.2 (386.7) 
(92) 0.539*** (0.133) -1031.6*** (265.6) 0.304 (0.198) 0.606 (0.417) 0.135 (0.151) 0.382 (0.252) -661.7 (362.5) 
(93) 0.0497 (0.178) -59.42 (355.3) -0.473* (0.224) 0.948* (0.375) 0.409* (0.157) 0.758* (0.299) 824.2 (416.1) 
(94) 0.557*** (0.140) -1064.8*** (280.7) 0.282 (0.222) 0.0682 (0.504) 0.184 (0.142) 0.195 (0.314) -533.5 (400.4) 
(95) 0.272 (0.216) -510.7 (432.0) -0.178 (0.148) 1.274** (0.380) 0.312 (0.198) 1.066*** (0.170) 175.6 (291.2) 
(96) 0.305 (0.203) -574.4 (405.4) -0.240 (0.214) 1.027* (0.424) 0.575* (0.221) 0.846** (0.275) 342.6 (399.7) 
(97) 0.269 (0.167) -500.8 (333.9) -0.0996 (0.207) 0.395 (0.419) 0.276 (0.164) 0.567* (0.268) 164.1 (384.3) 
(98) 0.353* (0.157) -659.9* (313.6) -0.195 (0.206) 1.201* (0.525) 0.0296 (0.143) 1.051** (0.306) 229.5 (365.4) 
(99) 0.421* (0.159) -800.3* (317.7) 0.0352 (0.201) 1.383* (0.642) -0.241 (0.254) 1.293** (0.423) -260.6 (330.4) 
(100) 0.397 (0.205) -759.9 (409.2) 0.121 (0.233) 1.310 (0.641) 0.811 (0.420) 0.882* (0.403) -425.5 (415.9) 
(101) 0.165 (0.173) -286.6 (347.1) -0.352 (0.222) 1.980** (0.603) 0.172 (0.217) 1.298* (0.521) 418.4 (375.4) 
(102) 0.151 (0.173) -252.3 (345.5) -0.0667 (0.265) 1.151 (0.631) -0.0419 (0.191) 0.684 (0.375) -2.803 (483.6) 
 
Note: standard errors are in parenthesis; one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, respectively 
 
81 
 
Table 4.7. Coefficient Estimates of Trend and Modified Thompson Model Regressions for 
Corn, 1960-2012 
 
Independent 
Variable 
Trend Regression 
Modified Thompson 
Model 
 Coefficients/(Standard Errors) 
Trend 1.624*** 1.860*** 
 (0.156) (0.0887) 
Preseason 
Precipitation 
 0.459 
(0.393) 
  
 
May Precipitation  -1.736** 
  (0.852) 
June Precipitation  15.10*** 
  (5.021) 
June Precipitation
2 
 -1.577*** 
  (0.533) 
July Precipitation  22.80*** 
  (6.838) 
July Precipitation
2 
 -2.046** 
  (0.784) 
August Precipitation
 
 -0.147 
  (6.056) 
August Precipitation
2 
 0.0807 
  (0.770) 
May Temperature  0.0748 
  (0.417) 
June Temperature  -0.0948 
  (0.758) 
July Temperature  -1.895** 
  (0.732) 
August Temperature  -2.122* 
  (0.596) 
Constant -3104.4*** -3362.4*** 
 (310.1) (180.4) 
N 53 53 
Degree of freedom 51 39 
R-square 68% 93.8% 
F-statistics 102.98*** 27.49*** 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.8. Coefficient Estimates of Trend and Modified Thompson Model Regressions for 
Soybean, 1960-2012 
 
Independent 
Variable 
Trend Regression 
Modified Thompson 
Model 
            Coefficients/(Standard Errors) 
Trend 0.386*** 0.396*** 
 
(0.0333) (0.0272) 
Preseason 
Precipitation  
0.111 
(0.121) 
   
May Precipitation 
 
-0.326 
  
(0.262) 
June Precipitation 
 
0.738 
  
(1.543) 
June Precipitation
2 
 
-0.0344 
  
(0.164) 
July Precipitation 
 
5.109** 
  
(2.102) 
July Precipitation
2 
 
-0.457* 
  
(0.241) 
August Precipitation 
 
2.234 
  
(1.861) 
August Precipitation
2 
 
-0.167 
  
(0.237) 
May Temperature 
 
-0.0453 
  
(0.128) 
June Temperature 
 
0.228 
  
(0.233) 
July Temperature 
 
0.0774 
  
(0.225) 
August Temperature 
 
-0.559*** 
  
(0.183) 
Constant -729.8*** -748.4*** 
 
   (66.21) (55.45) 
N 53 53 
Degree of                 
freedom 
R-square 
F-statistics 
 
51                
72.5% 
161.37*** 
 
39 
89.0% 
26.59*** 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
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Table 4.9. Coefficient Estimates of Trend and Crop Rating Model Regressions for Corn 
and Soybean, 1986-2012 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note: one, two, and three asterisks denote statistical significance at 10%, 5%, and 1% levels, 
respectively. 
  
 
Corn Soybean 
Year 2.506*** 0.476*** 
 
(0.240) (0.070) 
   
Condition Rating 0.751*** 0.153*** 
 
(0.074) (0.026) 
   
Constant -4912.886*** -918.039*** 
 
(481.508) (138.346) 
N 27 27 
Degree of freedom 24 24 
R-square 81% 73% 
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4.9 Figures 
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Figure 4.1. Illinois Corn Yields and Weighted Average of 
County-level Predicted Yields, 1989-2012 
Actual Corn Yields
NDVI Predicted
Yields
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Figure 4.2. Illinois Soybean Yields and Weighted Average of 
County-level Predicted Yields, 1989 to 2012 
Actual Soybean
Yields
NDVI Predicted
Yields
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Figure 4.3. Ratio of NDVI Panel Predicted Yields over Actual 
Yields for Corn and Soybean, 1989-2012  
Corn Ratio
Soybean Ratio
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Figure 4.4. Illinois Corn Yields and State-level OLS Predicted 
Yields, 1989-2012  
Corn Actual Yield
NDVI Predicted
Yield
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Figure 4.5. Illinois Soybean Yields and State-level OLS Predicted 
Yields, 1989 to 2012 
Actual Soybean
Yield
NDVI Predicted
Yield
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Figure 4.6. Ratio of OLS State-level Predicted Yields over Actual 
Yields for Corn and Soybean, 1989-2012 
Corn ratio
Soybean Ratio
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Figure 4.7. Actual Corn Yield vs. Predicted Yield (Modified 
Thompson Model), 1960-2012  
Actual Corn
Predicted Corn
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Figure 4.8. Actual Soybean Yield vs. Predicted Yield (Modified 
Thompson model), 1960-2012 
Actual Soybean
Predicted Soybean
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Figure 4.9. Actual Corn vs. Predicted Yields (Crop Conditions 
Rating Model), 1986-2012 
Actual Corn Yield
Preicted Corn Yield
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Figure 4.10. Actual Soybean vs. Predicted Yields (Crop Conditions 
Rating Model), 1986-2012 
Actual Soybean Yield
Predicted Soybean Yield
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5. FORECAST EVALUATION 
5.1 Introduction  
 The NDVI model provided promising results and proved an alternative approach for crop 
yield forecasting. Although the model’s explanatory power is not extremely high, around 60%, 
the coefficients were able to demonstrate the relationship between greenness of the crops, 
technology, and corn and soybean yields in Illinois from 1989 to 2012. Yet, the forecasting 
validity of the NDVI model has to be checked using out-of-sample data, which is a standard 
consideration in the forecasting literature (Armstrong, 2001). Normally, weaker performance of 
out-of-sample prediction compared to in-sample can be due to factors such as data-mining, 
structural breaks, and omission of relevant variables (Clements & Hendry, 2002).  
 Previously, one study investigated an NDVI-based model’s out-of-sample forecasting 
performance and provided three years’ forecast sample (Liu & Kogan, 2002). The thesis split 
the whole sample period into two—1989 to 2004 and 2005 to 2012—and provides eight years 
of out-of-sample observations. This chapter assesses the performance of NDVI model’s 
out-of-sample crop yield forecasting compared to that of modified Thompson model, crop 
conditions rating model and USDA estimates.      
 All models’ forecasts were compared to benchmarks represented by USDA yield estimates 
issued in August, September, and October each year. The USDA’s methodology in estimating 
crop yield will be briefly discussed, and all prediction will be evaluated with respect to final 
actual yields. Standard statistical measures of forecast accuracy including root mean squared 
error (RMSE), root mean square percentage error (RMSPE), mean absolute error (MAE), and 
mean absolute percentage error (MAPE) are applied to both models and USDA estimates. In 
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addition, a composite forecast was formed by combining NDVI forecasts with the other two 
models’ forecasts and USDA September estimates for each crop.  
 
5.2 Development of Forecast Competition 
 Annual out-of-sample (2005-2012) corn and soybean yield forecasts were produced for the 
NDVI model. The results were compared to the out-of-sample forecasts of the Modified 
Thompson model as well as USDA crop production estimates in August, September, and 
October. This sub-section briefly explains the methodology of USDA estimates and the 
development of the forecasting competition.   
 The USDA releases corn and soybean production and yield forecasts in early August, 
September, October, and November while the final yield numbers come out in January. USDA 
yield forecasts, contained in the crop production reports, are based on two sampling approaches: 
1) a farmer-reported survey conducted via a “list frame” consisting of farmers’ names, 
addresses, and phone numbers, and 2) “area frame” where fields are randomly selected based 
on aerial photos (Good & Irwin, 2006). The USDA forecast is made on the first day of the 
month based on a review of the agricultural activity of the “list frame’’ and “area frame” 
samples collected in the last few days of the previous month. Therefore, USDA forecasts 
reflect crop conditions as of the beginning of the release month and assume that, in order to 
realize such yields at harvest, normal weather occurs for the remainder of the growing season.  
 Since both NDVI model and modified Thompson model require input data from August, 
the earliest they could produce a forecast would be sometime in September. Thus, a direct 
comparison should be made with USDA September estimates.  
 The thesis adopts a conventional recursive forecasting scheme. In short, that is new 
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observations are added one at a time to make new predictions. For instance, we used NDVI 
data from 1989 to 2004 in estimating crop yield in 2005. Then 2006 crop yields were estimated 
using data from 1989 to 2005. The process continued until prediction was made for 2012. 
Out-of-sample predictions were made using the same approach for the other two models except 
that the weather data date back to 1960 and that crop ratings for Illinois were first available in 
1986. Lack of time-series data puts NDVI model at a disadvantage, especially not being able to 
include a drought year such as 1988. It is also worthwhile to specify which yield predictions 
we are comparing. The modified Thompson model forecasts and USDA estimates are at the 
state level, whereas the NDVI panel model produced county specific estimates. Therefore, we 
took the planted acreage-weighted average of all counties’ yield estimates to construct the 
state-level forecasts.   
 
5.3 Forecast Accuracy Measures 
Forecast errors are defined as 𝑒𝑡 = 𝑦𝑡 − ?̂?𝑡, where 𝑦𝑡 =final average yield for the state of 
Illinois and ?̂?𝑡 =weighted average of the forecast yield for the state of Illinois. Four prevailing 
evaluation standards are applied. Root mean squared error (RMSE) is a measure of average 
forecast accuracy as shown below:  
𝑅𝑀𝑆𝐸 = √
1
𝑛
∑(𝑦𝑡 − ?̂?𝑡)2
𝑛
𝑡=1
 
RMSE weights larger errors more than smaller errors as the errors are squared. Its unit is 
bushels per acre. Likewise, root mean squared percentage error (RMSPE) measures forecast 
errors in percentage form, which allows for the comparison of corn and soybean yield forecasts. 
Mathematically, RMSPE was calculated as follows: 
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𝑅𝑀𝑆𝑃𝐸 = √
1
𝑛
∑(100 ∗ (𝑦𝑡 − ?̂?𝑡)/𝑦𝑡)2
𝑛
𝑡=1
 
Alternatively, mean absolute error (MAE) is a simple average of the absolute value of forecast 
errors, and thus weights all forecast errors equally. Its mathematical form is represented below: 
𝑀𝐴𝐸 =
1
𝑛
∑|(𝑦𝑡 − ?̂?𝑡)|
𝑛
𝑡=1
 
Similarly, mean absolute percentage error is the corresponding percentage measure to MAE, 
and defined as: 
𝑀𝐴𝑃𝐸 =
1
𝑛
∑ |100 ∗ [
𝑦𝑡 − ?̂?𝑡
𝑦𝑡
]|
𝑛
𝑡=1
 
 Different models’ forecasts and USDA estimates accuracy are compared based on the four 
error measurements. While RMSE and MAE present the errors in real units (bushel per acre), 
RMSPE and MAPE allow for cross-comparison between different crops’ yields.   
 
5.4 Yield Forecast Accuracy 
 The performance results of all the competing forecasts are presented in Table 5.1 and the 
annual predictions of corn yields are illustrated in Figure 5.1. Based on the four forecasting 
accuracy measures, NDVI panel model’s out-of-sample forecasts were the least accurate 
amongst the three competing models, having the largest RMSE and MAE. The modified 
Thompson model performed the best given the smallest of the four accuracy measures. 
Forecasts of NDVI panel, modified Thompson model, and crop conditions rating model were 
accurate to within 20.18, 14.79, and 15.89 bushels per acre (RMSE) of final yields. In addition, 
all three models’ predictions were inferior to USDA August, September, and October estimates. 
As expected, USDA forecasts improved over time from August to October; their RMSE values 
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were accurate to within 12.66, 8.65, and 4.58 bushels per acre of final yields.  
 The ranking order of the three models’ forecasting accuracy is to a large extent caused by 
the forecast errors of 2012 yield. The NDVI, crop conditions rating, and modified Thompson 
models each overestimated the yield by 49, 38, and 31 bushels per acre. It was also observed 
that the models forecasts worked well in years of favorable weather but not so great in adverse 
summer weather condition as was the case in 2012. In contrast, USDA estimates’ movements 
were along the same line with the actual yields as illustrated in Figure 5.1, which explains why 
their forecast errors were considerably smaller.  
 In forecasting soybean yield, NDVI panel, modified Thompson, and crop conditions 
ratings models performed better than they did in forecasting corn yield as indicated by the 
substantial reduction in RMSPE and MAPE. Their respective forecasts were within 9.52%, 
10.73%, and 9.86% of final average yields, as compared to 17.91%, 12.05%, and 14.85% for 
the corn yield forecasts.  
 A review of Table 5.1 suggests that USDA soybean yield estimates were more accurate 
than the three models’ forecasts. The RMSE of crop conditions rating model was the lowest at 
3.92, indicating that its forecasts were accurate to within 3.92 bushels per acre of final soybean 
yield according to the RMSE measure. The NDVI and modified Thompson models were 
accurate to within 4.18 and 4.50 bushels per acre respectively. However, the results were mixed 
as NDVI panel model had the smallest errors based on the measurements of RMSPE, MAE, 
and MAPE.  
 The performance of the competing models’ forecasts and USDA estimates was also 
illustrated by Figure 5.2. The annual out-of-sample forecasts of the crop conditions rating 
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model performed consistently except overestimating by about 8 bushels per acre in 2012. The 
NDVI panel forecasts were initially close to the actual soybean yields but fell off in 2010, 2011, 
and 2012. In contrast, the modified Thompson model had relatively larger errors and tended to 
overestimate, especially in 2009 and 2012. Again, USDA August, September, and October 
estimates were closely matched to the final yields released in January.  
 
5.5 Composite Forecasts 
 Sufficient literature suggests that when multiple forecasts of the same variable are 
available, a simple average of the forecasts is in general more accurate than the individuals 
(e.g., Timmerman, 2006). In essence, as long as one forecast contains information that the 
other forecast does not despite being less accurate, a composite forecast of the two produces 
superior results (Granger & Newbold, 1973).  
 Three composites combining NDVI Panel model forecasts with modified Thompson 
model, crop condition ratings, and USDA September forecasts were formed. NDVI forecasts 
and each of the alternative forecasts were given 50% weight during the computation process.   
The RMSE of the three composite forecasts for corn and soybean yields are presented in Table 
5.2. The score with an asterisk indicates that the composite forecasts had a smaller RMSE (i.e. 
improved performance) compared to both of the individual models’ forecasts.  
 The composite forecasts for corn yield failed to produce superior results. The explanation 
for it is that NDVI forecasts errors are considerably greater than the competing forecasts. 
Putting smaller weights on NDVI model’s forecasts might result in more accurate composite 
yield predictions. On the other hand, the RMSEs of all three composite soybean forecasts fell 
below that of each individual forecasts, indicating improved performance. It is because 
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individual forecasts contained some amount of information that was not available in the 
alternative forecasts.     
 
5.6 Summary 
 This chapter assessed the competing models’ out-of-sample forecasts accuracy and 
compared them to USDA August, September, and October yield predictions. A recursive 
method was applied to calculate each year’s forecasts. NDVI panel regressions’ forecasts were 
aggregated to the state level by taking the planted acreage-weighted county corn and soybean 
yields.  
 USDA corn and soybean yield estimates were significantly more accurate than the 
competing regression models. NDVI panel corn yield forecasts were the least accurate among 
the regression models. This is somewhat expected as corn is a relatively volatile crop, whose 
yield fluctuates drastically when adverse weather conditions occur. The lack of variation in the 
NDVI data makes it difficult to fit the corn yield effectively. Fewer in-sample data available to 
fit the NDVI model also put it at a disadvantage compared to the modified Thompson model 
and crop condition ratings model. As a result, even the composite corn yield forecasts 
involving NDVI panel and the other three competing forecasts failed to provide any 
improvement. Meanwhile, NDVI panel model outperformed crop conditions rating model and 
modified Thompson model in predicting soybean yield. The associated composite forecasts led 
to more accurate predictions as well. Lastly, based on the lower scores of RMSPE and MAPE, 
it can be concluded that the three regression models, especially the NDVI panel, are better 
suited for predicting soybean yields that are much less volatile than corn yields.    
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5.7 Tables 
 
Table 5.1. Results of Out-of-Sample Forecast Competition, 2005-2012 
 
Out-of-sample Corn  Soybean 
 
RMSE RMSPE MAE MAPE  RMSE RMSPE MAE MAPE 
NDVI Panel 20.18 17.91 14.15 10.87  4.18 9.52 3.10 6.92 
Weather Model 14.79 12.05 10.20 7.46  4.50 10.73 3.73 8.55 
Crop Rating  15.89 13.95 11.09 8.55  3.92 9.86 3.30 7.07 
USDA Aug. 12.66 8.66 10.63 7.21  3.76 8.07 3.00 6.41 
USDA Sept. 8.65 5.95 7.63 4.93  2.87 6.20 2.00 4.32 
USDA Oct. 4.58 3.32 4.00 2.73  1.80 4.00 1.63 3.60 
     
 
    
 
Note: Weather Model is the Modified Thompson Model; RMSE, RMSPE, MAE, and MAPE 
denote root mean square error (bushels/acre), root mean square percentage error (%), mean 
absolute error (bushels/acre), and mean absolute percentage error (%) 
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Table 5.2. RMSE of Composite Forecasts of Corn and Soybean Yields, 2005-2012 
 
 
Corn Soybean 
NDVI_Weather 15.91451541 3.985548178* 
NDVI_Rating 17.38040626 3.744615979* 
NDVI_Sept. 11.57068132 2.756521354* 
 
Note: asterisk indicates that composite forecasts resulted in RMSE reductions from the 
superior individual forecast.  
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5.8 Figures 
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Figure 5.1. Corn Out-of-sample Predictions and USDA Estimates, 2005-
2012 
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Figure 5.2. Soybean Out-of-sample Predictions and USDA Estimates, 
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6. CONCLUSION 
6.1 Review and Objectives 
 The thesis investigated the possibility of using AVHRR/NDVI in operational crop yield 
forecasting, which was motivated by the fact that meteorological network is sparse in certain 
parts of the world and that official crop reports are unavailable. While most previous work 
applied NDVI to drought detection and vegetation monitoring, the current study attempted to 
reveal the relationship between NDVI values and crop yields using econometrics techniques.  
 Illinois, being a major corn and soybean producer in the U.S. Corn Belt, was selected as 
the research subject. Large areas of the land in Illinois are homogeneous cultivated with corn, 
soybean, or wheat, which satisfies the pre-condition for operational crop yield forecasts using 
AVHRR/NDVI. Pre-processed AVHRR/NDVI 14-day composite images by U.S. Geological 
Survey (USGS) date back to 1989. Monthly NDVI averages from May to August were derived 
for each county in Illinois. The thesis proposed an NDVI-range method to help distinguish 
agricultural areas from non-agricultural areas. Although the approach had 70% classification 
accuracy and tended to include pixels of vegetation of similar spectral value, it allowed crop 
classification possible on an annual basis and was fairly easy to implement compared to other 
conventional methods.  
 Two econometrics models were developed to examine the correlation between NDVI 
variables and corn/soybean yields. NDVI panel fixed-effect model studied the relationship at 
the county level. Rather than averaging or summing NDVI values across the growing season as 
done in previous studies, the thesis hypothesized that the change of NDVI from the beginning 
to the end of the growing season could better reflect how healthy crops develop in the summer, 
106 
 
which ultimately influences the final yields. We also used the average NDVI value in May to 
account for the effect of early planting on crop yield. NDVI state-level OLS had the same 
specification except variables were aggregated to the state level. The modified Thompson 
regression model was replicated with the most recent temperature and precipitation data up to 
2012. The weather model validated the relationship between weather, technology, and 
corn/soybean yields in their study period from1960 to 2006. The percentages of Illinois crops 
rated as excellent and good used in the conditions ratings model dated back to 1986.   
A forecasting competition was held to compare predictive accuracy of all models. The 
thesis adopted the recursive method in developing annual out-of-sample forecasts. The ultimate 
goal of the thesis is to evaluate the forecasting performance of the NDVI model in comparison 
to the other two regression models. If it can demonstrate the same or even superior predictive 
power, it would be a promising tool in producing reliable and real-time crop yield forecasts in 
many other parts of the world where having accurate weather information and official crop 
production estimate is a luxury. Forecasts from the competing models were then compared to 
benchmarks represented by USDA estimates released in August, September, and October each 
year.  
 
6.2 Summary of Findings 
 The thesis validated the relationship between the accumulation of crops’ “greenness” over 
the growing season and crop yields. The NDVI panel regression model fit the crop yields data 
fairly well despite relatively low R-square (41% for corn and 31% for soybean). Results from 
the NDVI panel model showed that technological trend contributed to almost no growth in 
corn and soybean yields. The three independent NDVI variables all had positive impact on 
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crop yields though to a varying degree. When the NDVI model was run at the state level using 
OLS regression, similar results were obtained. This leads to the conclusion that the greener 
crops are at different growing stages, the more likely favorable yields can be realized.  
   To corroborate the finding on the loss of explanatory power of technology trend, NDVI 
OLS model was applied to each county in Illinois. It turned out that technology trend had 
positive impact on corn yields in 5% of the counties and on soybean yields in 10% of all 
Illinois counties. Contrary to prevalent perceptions, our results thus imply that the relatively 
benign weather for the development of crops played a modest role in boosting corn yield since 
the mid-1990s. Despite the rapid increase in technology improvement, unfavorable weather 
such as heat wave, drought, and flood, could result in unexpected low corn yields as was the 
case in 2012.     
 The modified Thompson model fit the crop yield data extremely well, with high R-squared 
value at about 90%. However, due to differences in model specification, comparison with the 
NDVI model cannot be made based on the high or low of the R-squared values. The results 
suggest that ample rainfall in June/July and cooler weather in July/August were ideal for corn 
development. Similarly, July precipitation and cooler weather in August provided the favorable 
growing condition for soybean. Lastly, the regression models produced poor yield estimates 
when abnormal weather and other factors such as insects and diseases led to unexpectedly low 
crop yields; mainly because the models’ specification did not account for such effects.  
 The last part of the thesis provided a comprehensive forecasting competition to evaluate 
models’ predictive power. Four statistical measures (i.e. root mean square error, root mean 
squared percentage error, mean absolute error, and mean absolute percentage error) were 
108 
 
applied to the competing models and USDA benchmarks. The results showed that the NDVI 
panel model outperformed the modify Thompson model in predicting soybean yields. It 
demonstrated that the NDVI model, with some enhancement, has the potential to become a 
valuable instrument in giving accurate and timely crop yield predictions, particularly in regions 
where weather information and official crop production estimates are unavailable.  
 
6.3 Limitation and Future Works 
The thesis studied the relationship between the accumulation of crops’ “greenness” and 
final crops yield and explored the possibility of using AVHRR/NDVI for long-term operational 
prediction of crop yields. Although NDVI can be viewed as a holistic indicator to crops 
development condition, our model produced poor estimates in years of high and low yields. On 
one hand, when extremely favorable weather occurs, NDVI becomes less sensitive to biomass 
variation once nearing the threshold of biomass production (i.e. saturation effect). One 
plausible solution is to include soil moisture and satellite image derived surface temperature 
variables will likely capture the additional variation of crop yields.    
On the other hand, the NDVI model was not designed to account for the adverse effects of 
unfavorable weather, such as heat wave, flood, and prolonged drought, on crop yield. Future 
studies might consider constructing a drought index and employ growing degree days to 
identify the impact of non-linear effect of extreme heat (Robert & Schlenker, 2010).  
Another issue we encountered was that the NDVI-range classification approach tended to 
overestimate the size of crop areas. If the pixels values of other types of vegetation were not 
included in our model, we would expect on average lower May NDVI, especially in some 
years when late planting actually occurred, and subsequently a bigger gap between May and 
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August NDVI values. Improved land cover type classification will bring in more variation in 
the independent variables and ultimately lead to better performance of the NDVI model. 
 Finally, the fixed-effect NDVI model assumes that all the independent variable coefficients 
are the same across Illinois counties except that their intercepts differ. A newly developed 
statistical model, geographically weighted regression (GWR), considers the effect of spatial 
heterogeneity to a greater extent. In essence, GWR takes into account the fact that the 
coefficients of the independent variables might not be spatially invariant.   
 
6.4. Concluding Remarks  
 The main objective of the thesis, to explain the variation of crop yields through NDVI, was 
achieved using regression analysis. The NDVI reflects vegetation density or greenness of the 
land cover and thus can be viewed as a holistic indicator of plants’ development condition. Due 
to some unique features (e.g. global coverage, frequent repeat cycle, and etc.) of the spatial 
data, the AVHRR/NDVI model can have many practical applications around the world. 
Although the vegetation index lacks robustness in quantifying crop production level, it proves 
an alternative yield forecasting tool to other regression models.  
Timely and accurate crop yield forecasting provides crucial information for market 
participants to make informed buying and selling decisions, and that leads to efficient resource 
allocation. However, in South America, Southeast Asia, and Africa where agriculture is 
essential for growth and poverty reduction, meteorological network is sparse and official crop 
production and yield estimates are lacking. Remote sensing and NDVI provide a feasible and 
economical solution for them.    
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Appendix 
Figure A. 1. County-level Corn/Soybean Yields and May to August NDVI Change, 1989 
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Figure A. 2. County-level Corn/Soybean Yields and May to August NDVI Change, 1990 
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Figure A. 3. County-level Corn/Soybean Yields and May to August NDVI Change, 1991 
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Figure A. 4. County-level Corn/Soybean Yields and May to August NDVI Change, 1992 
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Figure A. 5. County-level Corn/Soybean Yields and May to August NDVI Change, 1993 
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Figure A. 6. County-level Corn/Soybean Yields and May to August NDVI Change, 1994 
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Figure A. 7. County-level Corn/Soybean Yields and May to August NDVI Change, 1995 
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Figure A. 8. County-level Corn/Soybean Yields and May to August NDVI Change, 1996 
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Figure A. 9. County-level Corn/Soybean Yields and May to August NDVI Change, 1997 
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Figure A. 10. County-level Corn/Soybean Yields and May to August NDVI Change, 1998 
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Figure A. 11. County-level Corn/Soybean Yields and May to August NDVI Change, 1999 
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Figure A. 12. County-level Corn/Soybean Yields and May to August NDVI Change, 2000 
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Figure A. 13. County-level Corn/Soybean Yields and May to August NDVI Change, 2001 
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Figure A. 14. County-level Corn/Soybean Yields and May to August NDVI Change, 2002 
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Figure A. 15. County-level Corn/Soybean Yields and May to August NDVI Change, 2003 
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Figure A. 16. County-level Corn/Soybean Yields and May to August NDVI Change, 2004 
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Figure A. 17. County-level Corn/Soybean Yields and May to August NDVI Change, 2005 
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Figure A. 18. County-level Corn/Soybean Yields and May to August NDVI Change, 2006 
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Figure A. 19. County-level Corn/Soybean Yields and May to August NDVI Change, 2007 
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Figure A. 20. County-level Corn/Soybean Yields and May to August NDVI Change, 2008 
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Figure A. 21. County-level Corn/Soybean Yields and May to August NDVI Change, 2009 
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Figure A. 22. County-level Corn/Soybean Yields and May to August NDVI Change, 2010 
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Figure A. 23. County-level Corn/Soybean Yields and May to August NDVI Change, 2011 
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Figure A. 24. County-level Corn/Soybean Yields and May to August NDVI Change, 2012 
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Figure A. 25. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1989 
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Figure A. 26. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1990 
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Figure A. 27. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1991 
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Figure A. 28. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1992 
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Figure A. 29. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1993 
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Figure A. 30. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1994 
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Figure A. 31. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1995 
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Figure A. 32. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1996 
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Figure A. 33. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1997 
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Figure A. 34. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1998 
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Figure A. 35. Fixed-effect Regression Residuals and Crop Classification Accuracy, 1999 
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Figure A. 36. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2000 
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Figure A. 37. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2001 
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Figure A. 38. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2002 
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Figure A. 39. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2003 
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Figure A. 40. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2004 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
150 
 
Figure A. 41. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2005 
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Figure A. 42. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2006 
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Figure A. 43. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2007 
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Figure A. 44. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2008 
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Figure A. 45. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2009 
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Figure A. 46. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2010 
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Figure A. 47. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2011 
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Figure A. 48. Fixed-effect Regression Residuals and Crop Classification Accuracy, 2012 
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